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Abstract

This thesis presents the framework for hand trajectory tracking by utilizing commodity Wi-Fi

devices without the need of body-equipped sensor.

Although commercially-available vision-based hand gesture motion sensing can achieve

a promising accuracy and precision, it may not be able to fully operate or install in certain

environments such as in the presence of obstacles between sensors and user, in the bright/dim

light areas, and in the private places. Since radio frequency (RF) signal can work in the

scenarios described above, utilizing RF signal can be an alternative solution for the non-

intrusive motion sensing. While many studies could acceptably recognize a set of hand

gesture using the pattern matching technique, their results could worsen drastically when

gesture is performed at different positions.

Envision a ubiquitously device-free motion sensing, this research analyzes the possibility

of Wi-Fi-based trajectory tracking of hand gesture by utilizing Doppler frequency obtained

from channel state information (CSI). To achieve this goal, the novel calibration is firstly

introduced to mitigate undesired components on a measured CSI so that Doppler spectrum

can be correctly observed. Since a movement of human limb generates variant Doppler signa-

tures caused by micro-Doppler effect to the spectrum, the estimation technique is proposed

to extract the hand-only Doppler signature. With a set of signatures from different pairs

of Wi-Fi antenna, hand trajectory can be traced by exploiting multi-static Doppler radar

model. To validate the proposed method, deterministic Doppler CSI model is developed to

simulate the movement of human limb and its Doppler. The model is based on the incor-

poration between the non-rigid body motion model of the human limb and electromagnetic

scattering theory. The result from simulation and measurement conducted in the meeting

room using commodity Wi-Fi devices with 3x2 MIMO setup showed that the shape of hand

gestures could successfully reconstruct albeit a small offset in orientation and scale.
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Chapter 1

Introduction

1.1 Background

The advancement of communication technology in recent years has drastically influenced the

mean of interaction between humans and computing devices. In particular, the evolution

of human-computer interaction (HCI) interface is moving toward the contactless interaction

where users could communicate with any computing devices by merely performing particular

gestures or actions in the air. Motion sensing is one of the emerging technology that enables

this interaction possible. Various commercial non-intrusive motion sensing such as Kinect,

Orbbec, Leap motion can achieve a promising accuracy and precision by utilizing vision

sensors. However, their performance could extremely worsen in the following scenarios and

circumstances due to the physical limitation of the optical device. It operates only in the

presence of line-of-sight (LoS) between device and user due to its high sensitivity to obstacle,

the active sensing area is relatively small owing to the focal length of the lens in vision sensor

[4, 5, 6, 7, 8, 9, 10]. Besides, a privacy concern due to images captured by vision-sensor

would limit the usage of motion sensing in certain private locations such as restroom or office

meeting room [11, 12]. These constraints may be a few of the reasons why commercial virtual

reality (VR) and augmented reality (AR) handsets such as gear VR controller, data glove, or

smartphone require a wearable device such as ineatial measurement unit (IMU) sensors for

interaction. However, body-equipped sensors are intrusive and inconvenient, and may not be

practical for specific applications such as elderly care, and intrusion detection [4, 9, 10, 13].

Hence, an alternative motion sensing approach which is non-intrusive, ubiquitous, and low-

cost could be a good candidate in assisting or substituting the current system in these

scenarios.

Leveraging commercial radio frequnecy (RF) system such as Wi-Fi, Bluetooth, radio-

frequency identification (RFID) is one solution because RF-based motion sensing could the-

oretically operate with fewer privacy concerns in non line-of-sight (NLoS) scenario and with

a larger sensing area owning to a longer wavelength. Many studies have investigated the

1
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TIV propagation path

TV propagation path

Wi-Fi router

motion

Wi-Fi client

object

Figure 1.1: Propagation of Wi-Fi signal in multipath channel interacting with a static object

and a moving hand.

applicability of RF signal for motion sensing [4, 14, 15, 16]. In fact, received signal strength

identification (RSSI) of RF signal based motion sensing has been researched comprehen-

sively in [17, 18, 19, 20]. Unfortunately, the nature of RSSI is highly interference-sensitive,

device-dependent, and easily affected by external conditions such as temperature and hu-

midity [21, 22, 23]. Therefore only simple gesture recognition would be achievable rather

than performing tracking.

With respect to recent works in the extraction of channel state information (CSI) from

the physical layer (PHY) of commodity Wi-Fi network interface card (NIC) [24, 25], which

arguably contains a lot more information than RSSI, fine-grained motion sensing and in-

door localization with Wi-Fi devices have gained much attention from researchers. In ad-

dition to its low-cost and ubiquitous, various works using CSI have increased drastically

[26, 27, 28, 29, 30, 31, 32, 33, 34]. Generally, Wi-Fi chips estimate CSI which is repre-

sented by the complex channel frequency transfer function of the wireless channel between

two Wi-Fi transceivers at each orthogonal frequency division multiplexing (OFDM) subcar-

rier. In the simple transmission depicted in Fig. 1.1, the Wi-Fi signal propagates through a

wireless channel on different paths, and the superposition of multipath signals at receiver is

translated onto CSI as channel fading, and it supposedly remains unchanged with the same

configuration and environment. However, in the presence of motion, a certain path which

interacts with the moving object will experience changes with time. This effect could be

observed in the time-variant (TV) component of CSI as the rotation of phase components
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and a time-varying channel fading in the amplitude component. The rotation corresponds

to the Doppler frequency shift which is directly proportional to the object’s velocity in the

direction concerning a link between Wi-Fi transceivers.

In actual measurements, unfortunately, the undesired temporal phase rotation of lo-

cal oscillators (LO) between two Wi-Fi transceivers due to the absence of synchronization

obscures the CSI phase component, and therefore Doppler frequency cannot be explicitly

used. As a consequence, performing any motion analysis is infeasible without separation

of the undesired phase rotation from the CSI. Besides, spatial mapping (SM) and cyclic

shift diversity (CSD) modulated in the transmitter may remain attached to the extracted

CSI when operating in multiple transmit streams configuration of multiple-input-multiple-

output (MIMO) transmission [3, 35]. Many works have proposed various signal processing

techniques for dealing with the phase rotation. Using CSI amplitude approach has been

widely used to avoid the effect of phase rotation. However, without the CSI phase compo-

nent, only a magnitude of Doppler frequency could be obtained. Without a sign of Doppler

frequency, this approach is only suitable for analyzing motion with a periodic profile such

as breathing detection [11, 36], or a small set of predefined human gestures [7, 32, 30, 31]

and human activities [26, 28, 29, 37]. The phase sanitization approach compensates for the

phase rotation by linearly removing the mean and slope of the measured CSI phase. This is

a double-edged approach in which phase rotation is mitigated but simultaneously a part of

the CSI is proportionally removed along with it. Although the resulting sanitized phase has

been implemented in many works [27, 34, 38, 39], to the best of the author knowledge, there

is no justification of what the sanitized phase physically represents. The phase difference

method, applied in [9, 33, 40, 41], mitigates the phase rotation by using the CSI phase mea-

sured from another receive antenna. Since the phase rotation between both antennas was

generated by the same Wi-Fi chip, it should be canceled out after subtraction. Although

this method could remove the phase rotation, the result is still not yet the original CSI phase

but a phase difference between two antennas. Even though various phase rotation mitigation

techniques have been implemented in previous works, it is impossible to remove the phase

rotation without sacrificing partial or entire phase information. Therefore the application is

quite limited and mostly case-dependent.

1.2 Research Motivation

Majority of literature in Wi-Fi CSI based motion sensing suffered from the incomplete

Doppler frequency information and thus could only detect and recognize certain motions via

data-driven based approach. For example, the works in [6, 8, 42, 43] were able to distinguish

a set of hand gestures moving in different directions which could be useful for contactless

interaction with computing devices. With a similar goal, the study in [30, 32] could success-
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fully classify plenty of finger gestures [14, 31] by recognizing a distinct pattern of keystroke

while typing a keyboard and touching smartphone respectively. Although their works have

empirically displayed the feasibility of the motion analysis even on a small movement of a

human limb, it relies on the strong assumption that each gesture always reflects a unique

pattern on the CSI streams. Unfortunately, the temporal pattern of CSI which causes by

Doppler frequency depends on the position of the Wi-Fi transmitter and receiver relative to

the user location according to the bistatic radar [44, 45, 46]. As a result, the usability of

micro-motion sensing may not be able to generalize without further in-depth analysis.

Trajectory tracking could be another method for hand motion sensing as shown in Fig. 1.2

since the hand gesture is just a collection of temporal position moving through space. This

approach could be regarded as the application of OFDM radar [47, 48, 49]. However, the

implementation with commercial Wi-Fi system is a challenging task because the tracking re-

quires accurately a knowledge of velocity and position. Without solving the undesired phase

rotation issue, it is virtually difficult to extract velocity from Doppler frequency. Although

one can theoretically extract the temporal position with CSI by exploiting the propagation

delay information from its channel impulse response (CIR) [50], the commercially-available

Wi-Fi systems are mostly narrowband resulting in the poor propagation delay resolution.

For instance, typical 40-MHz Wi-Fi signal causes the position uncertainty around 7.5-meter

which is unreliable for hand gesture tracking that needs at least sub-meter scale resolution.

Another challenge in hand motion sensing stems from the general assumption of radar. In

the radar tracking problem [44], a moving target can be assumed as a point object because it

is typically located far away relative to transmitter and receiver position. Unfortunately, this

is not always the case for indoor motion sensing where the user could be positioned nearby

Wi-Fi transceivers supposedly in the same room. Since human body could be consists

of multiple components [51] with each part moving at different paces, multiple Doppler

frequency components were correspondingly induced. These components are accumulated in

CSI and expressed as Micro-Doppler effect in the Doppler power spectrum [51, 52, 53]. In

case of CSI-based motion tracking in indoor environment [54, 55], Doppler component with

the highest power is likely corresponding to the signature of human torso movement [51, 56].

The peak then was selected for tracking a human walking by utilizing OFDM radar concept.

Likewise, during the motion of hand gesture, each part of the human limb is also moving at

different pace due to non-rigid body motion [51]. The Doppler spectrum therefore experiences

the micro-Doppler effect in this case as well. In [52, 53], distinct features of hand Micro-

Doppler effect were utilized for hand gesture recognition applications. Regarding previous

works on non-intrusive hand tracking with Wi-Fi CSI [57, 58], the Micro-Doppler signature

has unfortunately not been taken into consideration. In fact, the work in [57] detected a 3D

hand trajectory by observing the hand shadowing effect in the angular spectrum obtained

from a minimum of 30 Wi-Fi devices. Despite a cm-scaled trajectory error, the performance
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Hand Trajectory Wi-Fi transmitters and receivers 

Figure 1.2: Concept of Wi-Fi based hand gesture trajectory estimation.

could still be location-dependent since it is sensitive to the position and distribution of sensors

in a specific area. Other drawback in this work is the usability and scalability owing to a

large number of Wi-Fi transceivers required. Another work in [58] proposed a 2D trajectory

tracking system of hand gesture exclusively for the motion in horizontal plane. Their system

utilized two Wi-Fi receivers to recursively track the absolute hand position from a phase

component of CSI. Since the Wi-Fi signal was communicated between two synchronized

software-defined radio (SDR) equipments, the undesired phase rotation has already been

mitigated. By limiting the analysis in 2D, the elliptic geometry of bistatic propagation delay

was utilized to calculate the temporal position of hand gesture. Because this system assumed

a single component of Doppler frequency during hand gesture, the applicability is limited

to a strict configuration of transmitter and receiver position relative to the hand gesture

such that the micro-Doppler signature from the hand segment is strongly dominated other

signatures.

To the best of our knowledge, there does not exist a Wi-Fi CSI based hand gesture

trajectory tracking that successfully resolves the undesired phase rotation issue and addresses

the impact of Micro-Doppler effect during hand gesture through theoretical model. By

acknowledging these research gaps, this thesis aims to investigates the applicability of hand

gesture trajectory estimation for the future ubiquitous Wi-Fi assisted motion sensing system

by fully exploiting the Doppler frequency from Wi-Fi CSI.
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1.3 Objective and Contributions

The objectives of this study are to investigate the possibility of utilizing the commodity Wi-

Fi devices to trace hand gesture trajectory without the need of body-equipped sensor and to

develop the deterministic CSI model as a tool for studying the mechanism of Micro-Doppler

effect during hand gesture. To fulfil these goals, challenges described in the research moti-

vation must be addressed in this thesis through the followings novelties and contributions:-

• The novel CSI calibration that mitigates the effect of the undesired phase rotation while

preserving Doppler frequency information in the phase component of CSI (Chapters 3)

• Time-variant CSI model that physically simulates micro-Doppler effect caused by the

movement of hand gesture (Chapters 4)

• Doppler component extraction technique that can estimate the target signature of hand

Doppler in the presence of micro-Doppler effect during hand gesture (Chapters 5)

• Tracking framework that can reconstruct and preserve the original hand trajectory by

utilizing only Doppler frequency of hand motion (Chapters 6)

1.4 Limitations of the Thesis

It should be noted that the CSI data of Wi-Fi signal utilizing in the thesis is obtained from

the Linux-based CSI extraction tool developed by [24] which is compatible with the Intel 5300

NIC Wi-Fi chip. This implies that additional software and the Wi-Fi chip must be installed

under the Linux operating system in order to capture the CSI. Moreover, detail hardware

specification may not fully obtained since it may be classified to the chip’s development

company [35]. In fact, this is a common method among the CSI-based researches since the

capability to extract CSI has not yet officially implemented in any commercial operating

system. Another limitation is involved the undesired phase rotation that prevents us to

obtain Doppler frequency without applying any processing. As will be discussed in chapter 3,

the novel calibration technique unavoidably has to trade the need of hardware modification

in order to correctly obtain Doppler frequency. These limitation are actually expected since

Wi-Fi system is not originally designed for motion sensing. With many researchers showing

the applicability of Wi-Fi for motion sensing, it would be beneficial for engineers to hopefully

include the sensing capability to the future commercial wireless communication standard.

Regarding the motion tracking scenario, investigation in the thesis considers the special

case scenario where it exists only one-handed gesture motion in the static environment.

Although it is a very strong assumption in practical scenario, this is an ideal and simple case

to investigate and validate the concept of hand motion tracking performance. Actually, this
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condition was widely-assumed in previous works for their CSI-based motion sensing research.

In order to deal with multiple moving objects, additional information with sufficient precision

such as high-resolution range information and angle-of-arrival and departure is needed to

spatially separate different target objects. Nevertheless, be able to obtain these information

comes with the cost of larger number of antennas and larger bandwidth. Once the future

commercial device could obtain this requirement, it could be feasible to realize the hand

tracking in the more realistic environment.

With respect to the motion tracking framework covered in chapter 6, it requires largely

separated antennas to estimate the target velocity and position. In our measurement, the

large antenna separation was realized by connecting widely-separated external antennas to

the same Wi-Fi chip installed in the commercial laptop with the cable. This configuration

was established to reduce number of laptop used in the measurement. In more practical

scenario, we may substitute this system with the configuration similar to those of wireless

sensor network. In this alternative case, each antenna is represented by separate device and

can be widely placed without the need of external antenna connection.

1.5 Outline of the Thesis

The overall structure of this thesis is outlined as shown in Fig. 1.3. In this chapter, the

motivation and background have already been provided.

Chapter 2 describes the modeling and structure of Wi-Fi CSI followed by the explanation

of how the measurement CSI is extracted from the off-the-shelf Wi-Fi chip. Then, the con-

cept of OFDM radar is explained in terms of velocity and range estimation followed by the

detailed explanation of Micro-Doppler signature in general. Finally, state-of-art techniques

of motion sensing with Wi-Fi are discussed in detail.

Chapter 3 firstly narrates the problem with the undesired phase rotation in the measure-

ment CSI. In particular, the effect of spatial mapping in MIMO system is detailed followed

by the source of undesired phase rotation and the consequence to the quality of Doppler

frequency. Then the novel phase rotation calibration is introduced to mitigate the undesired

phase rotation without destroying the desired rotation of Doppler frequency. The perfor-

mance was finally validated with the CSI result measured from the vector network analyzer.

Chapter 4 describes the kinematic model of hand gesture through the non-rigid body mo-

tion of robot arm. With this knowledge, we then detail the construction of the human limb

model based on surface point cloud that could naturally simulate the hand gesture move-

ment. The scattering wave on the movement of human limb is later explained as a basis for

the construction of deterministic CSI model. Specifically, the development of circular-mesh

physical optics (PO) approximation for the practical usage of moving scatterer is addressed

followed by the validation. In the end, this chapter introduces and validates the deterministic
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CSI model that could simulate micro-Doppler effect from the hand gesture motion.

Chapter 5 explains the characteristic of micro-Doppler on the surface of human limb

model. The analysis was conducted based on the Doppler and the scattered power distri-

bution induced from each surface point on the human limb. Next, the proposed technique

to extract the temporal profile of hand Doppler signature from the Doppler spectrum is

presented followed by the validation of the algorithm in simulation scenario.

Chapter 6 firstly presents the trajectory estimation framework based on multi-static

Doppler radar followed by the formulation of Kalman filter (KF) model in this problem with

the goal to mitigate the accumulated tracking error. The concept of initial position esti-

mation is later on addressed. Then, the validation of hand gesture trajectory estimation is

conducted with the simulated CSI. Finally, the usability of the estimation is evaluated with

the measurement CSI conducted in the meeting room.

Finally, Chapter 7 concludes the thesis findings and provides prospect directions for the

future motion sensing application.
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for Hand Motion Trajectory Tracking

Chapter 7: Summary and Conclusion

Figure 1.3: Structure of thesis





Chapter 2

Overview of Wi-FI CSI based Motion

Sensing Technology

2.1 Introduction

In this chapter, the fundamental knowledge of motion sensing through the manipulating of

Wi-Fi channel state information (CSI) will be discussed. The explanation firstly includes the

structure and the extraction of CSI in Wi-Fi signal. since Wi-Fi motion can be categorized

as one of the OFDM radar application, The general concept of OFDM radar will be further

given in terms of range and velocity estimation. Micro-Doppler effect is also addressed as

the movement of hand gesture can generally induce multiple Doppler signature especially in

indoor environment. Finally, the hand motion sensing techniques used in literature will be

categorically addressed to give a better understanding of the advancement in this topic.

2.2 Wi-Fi Channel State Information

2.2.1 CSI Modeling and Estimation

Multiple-input multiple-output (MIMO) transmission and beamforming have been intro-

duced in many wireless communication systems in order to improve data transmission rate

and reliability. They require a knowledge of real-time CSI to perform spatial multiplexing

and diversity techniques. Therefore, a CSI frame has been included in the physical layer

(PHY) of Wi-Fi systems since the IEEE 802.11n standard, specifically in the training sym-

bols of the high throughput long training field (HT-LTF) preamble format [3]. According

to the standard, a 4-µs duration HT-LTF which is a part of PHY high throughput (HT)

packet purposely allows receiver to estimate MIMO channel-related parameters including

CSI data. Since Wi-Fi signal utilizes OFDM scheme for the transmission, HT-LTF symbols

are transmitted through K subcarriers simultaneously. Specifically, the payload data in the

11
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Figure 2.1: Simplified transmission flowchart of Wi-Fi OFDM signal.

OFDM scheme is parallelized, added with a known symbol sequence, and then modulated

to the K orthogonal subcarrier frequencies by the mean of inverse fast Fourier transform

(IFFT) as shown in Fig. 2.1 [50, 59, 60]. Guard interval interval TG of 0.4 µs and 0.8 µs

for short and normal guard band respectively is added to mitigate inter-symbol interfer-

ence (ISI) between consecutive symbols. Accordingly, the OFDM receiver then performs the

fast Fourier transform (FFT) to convert the received OFDM signal back into the original

sequence. This multi-subcarrier modulation scheme is beneficially more robust than those

with a single carrier to deal with the multipath channel environment such as frequency-

selective fading [50]. In addition, orthogonality property of subcarrier enables the possibility

of a faster and efficient transmission within a relatively smaller bandwidth in comparison

with the single carrier transmission. Therefore it has been widely implemented in various

communication systems such as Wi-Fi [59], 4th generation (4G) of cellular network [60], dig-

ital television broadcasting [61], and digital audio broadcasting [62]. In Wi-FI OFDM, a

total of K subcarrier frequency is 64 and 128 tones distributed over 20-MHz and 40-MHz

bandwidth channel respectively. Each subcarrier frequency fk is equally-spaced with a gap

∆f of 312.5 kHz. Here k denote the index of subcarrier frequency. To avoid interference

from the adjacent Wi-Fi channel, few subcarrier frequencies located near the border of the

signal bandwidth as depicted in Fig. 2.2 contains no information which are also known as

zero subcarriers. The 56-symbol sequence of HT-LTF is sent over 56 subcarrier frequencies

of 20-MHz channel. Likewise, the 114 subcarrier frequencies are occupied for the 114-symbol

sequence in 40-MHz channel. These sequences information can be found in [3] for IEEE

802.11n Wi-Fi standard.

Let us define Xm(t, fk) as the known transmitted Wi-Fi signal corresponding to HT-LTF

training symbols in frequency domain measured at time t. Given a linear model of wireless

communication system [50], the received HT-LTF signal Yn(t, fk) which is being distorted
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Figure 2.2: Transmission of OFDM signal in multipath wireless channel.

by the wireless channel as shown in Fig. 2.2 can be expressed by,

Yn(t, fk) = Hn,m(t, fk)Xm(t, fk) + N (t, fk) (2.1)

The wireless channel at each subcarrier fk can be represented as the CSI matrix Hn,m(t, fk).

This channel matrix corresponds to the link between m-th transmit (Tx) antenna and n-th

receive (Rx) antenna and has a dimension of M×N×K. Here the total number of Tx and Rx

antenna are M and N respectively. An additive white Gaussian noise (AWGN) is assumed

in the communication which is denoted by N (t, fk) . In an ideal noise-free scenario, CSI can

be easily calculated by normalizing the received signal Yn(t, fk) with the transmitted signal

Xm(t, fk). However, to extract CSI matrix in a practical noisy scenario, further signal pro-

cessing techniques such as a minimum mean square error (MMSE) [63], maximum likelihood

(MLE) [64], least square (LS) [65] and time domain based Frequency Pilot Time Average

(FPTA) [66] channel estimations are required to estimate CSI by minimizing N (t, fk) at Rx

as shown in Fig. 2.1. In Wi-Fi transmission, Tx and Rx are not physically synchronized and

thus Rx generally utilizes the preamble received from the transmitted signal for the synchro-

nization purpose [2]. Although the synchronization can be optimally yielded, it inevitably

introduces the additionally phase offset and rotation to the CSI. The effect of these undesired

phase terms to the motion sensing application will be discussed further in chapter 3.

In a nutshell, CSI is physically a collection of Wi-Fi OFDM signal propagated through

multiple paths in the channel. Along the propagation, each signal experienced different

attenuation, fading, and scattering effect from their interaction with th interacting objects

(IOs). Suppose the time-variant (TV) component of the CSI defined as HTV
n,m(t, fk) represents

a set of LTV signal in which each i-th propagated signal interacts with moving IOs along

their i-th differential propagation path length of d
(i),TV
n,m (t) and get attenuated by the constant

complex attenuation α
(i),TV
n,m (t, fk). On the other hand, the time-invariant component (TIV-
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CSI) defined as HTIV
n,m (fk) represents LTIV signal whose j-th signal comes into contact with

static IOs along their j-th total propagation path length of D
(j),TIV
n,m and thus contributes to an

amplitude attenuation γ
(j),TIV
n,m (fk). Henceforth, according to [26, 67], the CSI corresponding

to the channel between m-th transmit and n-th receive antenna could be modelled as,

Hn,m(t, fk) = HTIV
n,m (fk) +HTV

n,m(t, fk) (2.2)

HTIV
n,m (fk) =

LTIV∑
j=1

γ(j),TIV
n,m (fk) exp

(
−j2π

λk
D(j),TIV
n,m

)
(2.2a)

HTV
n,m(t, fk) =

LTV∑
i=1

α(i),TV
n,m (t, fk) exp

(
−j2π

λk
d(i),TV
n,m (t)

)
(2.2b)

d(i),TV
n,m (t) = λk

∫ t′

0

f
(i)
d (t′) dt′ (2.2c)

where λk = c
fk

is the wavelength of k-th subcarrier frequency given the c light speed. As

clearly seen in the phase term of TV-CSI, any motion will cause a change of d
(i),TV
n,m (t) resulting

in the phase rotation or Doppler frequency shift f
(i)
d (t). The speed of the moving target has

an explicit relationship with f
(i)
d (t) according to the radar model [51] which will be further

discussed in section 2.3.1.

2.2.2 CSI Extraction Method

Typically, CSI cannot be obtained directly from commercial Wi-Fi devices. To utilize Wi-

Fi CSI, the Initial idea was to implement the Wi-Fi communication structure onto any

programmable RF board or software-defined radio (SDR) as the mean to simulate the general

Wi-FI transmission. With the manual modification, they can successfully extract either

received OFDM signal or CSI for further motion sensing analysis. For example, previous

works in [4, 58, 68] extracted CSI and the received OFDM signal from universal software

radio peripheral (USRP) [69] which is one of well-known SDR module for the analysing of

motion sensing via Doppler frequency. Another work in [70] implemented the wireless open

access research platform (WARP) toolkit onto the programmable RF module to analyze the

motion via channel parameters.

Later on, open-source tools have become available allowing user to directly extract a

stream of CSI matrices from network interface card (NIC) of commercial Wi-Fi chips corre-

sponding to a set of consecutive OFDM packets. Linux 802.11n CSI tool developed by [24]

is compatible with only Intel 5300 NIC, and only capture CSI from the sampled 30 OFDM

subcarriers in both 20 and 40 MHz bandwidth. The sampled subcarrier is governed by the

grouping method of CSI report field according to 802.11n stardard [3]. Five years later,

Atheros CSI Tool was developed by [25] and is claimed to be compatible with any Atheros
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NICs despite a few NICs being verified. In contrast with the former tool, it reports CSI from

all OFDM subcarriers available, 56 and 114 for 20-MHz and 40-MHz bandwidth accordingly.

Both tools run on Linux operating system and their software-modified firmware are licensed

under MIT and GPL agreement respectively. Despite limitation on the former tool, it gains

more popularity in the CSI-based motion sensing and indoor localization than the latter.

One advantage in particular for the 802.11n CSI tool is that at least one Wi-Fi transceiver is

required to capture CSI while the Atheros CSI Tool needs both Wi-Fi transceivers. There-

fore, the former tool is able to directly work with any off-the-shelf Wi-Fi access point (AP)

whereas the extra modification of AP firmware is necessary to capture CSI with the latter

tool.

With these considerations, 802.11n CSI tool was finally chosen for the study of motion

sensing in this thesis. Based on the Intel 5300 NIC specification, it supports up to 3 antenna

ports and the CSI is estimated at the receiver side. Therefore, the maximum of M×3 MIMO

channel matrix can be obtained. Aside from CSI matrix, this tool also provides other relevant

information that are also contained in CSI report field such as RSSI of each antenna, local

timestamp, adaptive gain control (AGC), noise floor, and transmission rate. The timestamp

is in the decimal number representing a lower 32 bits of the NIC’s 1 MHz local clock and

therefore the number will rotate every 4,300 seconds. By setting the timestamp of the 1st

received CSI data as reference, a relative time in a unit of second can be easily converted

by factoring the time difference between each recorded CSI to that of the reference time by

the ratio between 232 and the clock cyclic period of 4,300. Cyclic-to-linear time unwrapping

is necessary for the linearization of this relative time conversion when a duration of CSI

recording exceeds a cycle of the local clock. The unit of the raw extracted CSI is normalized

by the relative reference level of NIC. Fortunately, the tool’s developer has provided a method

to convert it back to the original unit by basically utilizing AGC and noise floor data. Rather

than the usual infrastructure mode where both Wi-Fi stations operated as transceiver, the

tool can capture CSI in the injection-and-monitor mode where the Wi-Fi station is operated

as Tx and Rx respectively. Since it allows a full control of transmission configuration, this

mode has been utilized in our experiment. Regarding the CSI transmission sampling rate,

although it has not been explicitly mentioned in the literature, the preliminary experiment

showed that the nearly-uniform sampling rate could still be achieved up to 2,500 Hz and

thus the rate was heuristically set to this number in our measurement campaign on the hand

motion sensing.
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Figure 2.3: Monostatic radar system.

2.3 OFDM Radar

Before addressing the OFDM radar technology, it is necessary to understand a general con-

cept of radar. In this section, we will focus our study to the range and speed estimation in

radar since it directly contribute to the investigation in this thesis. The micro-Doppler effect

will be later on explained especially how it impacts the analysis on velocity estimation.

2.3.1 Radar Technology

Radar technology is a well-established system for speed and range estimation of a moving

object by analyzing the scattered RF signal. Generally, the target object is presumably

maneuvering far away from radar sensors and thus can be assumed with a simplest point

scatter with the received RF power proportional to the radar cross section (RCS) from the

target object [44, 51]. Range and speed can be estimated from the the overall propagation

delay τ(t) and Doppler frequency shift fd(t) at the radar Rx respectively. The former is

described the time it takes for RF signal to arrive at the radar sensor after being scattered

from the surface of moving object. The latter is manifested as the time-varying phase

rotation of the scattered signal induced by a motion on the target surface where RF signal

is interacted with [44]. Based on number of RF sensors used, radar can be categorized

into monostatic, bistatic radar systems. The latter system also knows as mult-static radar

system if number of sensors are more than two. Therefore, the range and speed of target are

calculated differently according to their respective system.

• Monostatic radar [44] As shown in Fig. 2.3, Tx and Rx are situated in the same
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Figure 2.4: Bistatic radar system.

position for this radar system. Therefore, the distance of the target object relative to

the sensor dmono(t) can be easily computed by

dmono(t) =
c

2
τ(t) (2.3)

where c denotes a speed of light. Similarly, a speed v(t) of the object in this system

can be calculated from the measured Doppler frequency which is corresponded to the

instantaneous path length change as,

vmono(t) =
d

dt
dmono(t)

=
λ

2 cos θmono(t)
fd(t) (2.4)

where θmono(t) defines the angle between a direction of motion and a direction from the

object to the radar sensor. Since speed is a scalar variable, a sign of Doppler frequency

is proportional to a relative direction of target motion depending on θmono(t). The

Doppler gains a positive sign when the object is moving toward the radar sensor and

vice versa for a negative sign. It should be noted that τ(t) will become constant

if the target object is circling around the radar sensor. The range dmono(t) effectively

becomes its radius of the motion trajectory. In this scenario, motion direction is always

perpendicular to the direction toward the radar sensor, cos θmono(t) = 0, resulting in

zero Doppler frequency regardless of the actual speed of the moving object.

• Bistatic radar [44, 71] Tx and Rx are at different position which are distanced away

by the length of baseline dBL in this system. As depicted in Fig. 2.4, the bistatic
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propagation path dbi is the summation of range from the target object to the m-th Tx

and that to the n-th Rx as

dbi = dTm(t) + dRn(t) (2.5)

Suppose the angle between the direction of motion and a direction from the target to

Tx and those to Rx are defined as θTm and θRn respectively, both dTm(t) and dRn(t)

could be estimated by solving the following equations under the constraint that these

ranges are greater than zero,

cτ(t) = dTm(t) + dRn(t) (2.6)

d2
BL(t) = d2

Tm(t) + d2
Rn(t) + dTm(t)dRn(t) cos

(
θTm(t)− θRn(t)

)
. (2.7)

Likewise, the bistatic Doppler frequency shift can be used for the calculation of object’s

speed as a function of the instantaneous change of the total propagation path

vbi(t) =
d

dt

[
dTm(t) + dRn(t)

]
=

λ

cos θTm(t) + cos θRn(t)
fd(t) (2.8)

When either number of Tx or Rx are more than one, it is generally referred to as multi-

static radar system. Moreover, the bistatic would gradually becomes the monostatic

system if Tx and Rx position are relatively closer in comparison with their distance to

the target object such that dBL � dRn(t) and dBL � dTm(t). With respect to a sign

of bistatic Doppler frequency, it now depends on both cos θTm and cos θRn . In other

word, a positive and negative sign of Doppler frequency represents the object direction

whether it moves toward to or away from the bistatic baseline respectively. Instead

of the circular motion in monostatic, the overall propagation delay and distance are

constant when the moving object has an elliptical trajectory around Tx and Rx whose

positions are the foci of the ellipse. Consequently, the measured Doppler frequency

becomes zero as the cosine of both angles are canceling out.

As clearly seen from these radar systems, range information could be easily determined

in monostatic with the measured delay whereas the angular information is needed for the

bistatic ranging according to eq. (2.3) and eqs. (2.6) - (2.7) respectively. Since the mea-

sured Doppler frequency only represents the radial speed component, angular information

is necessary to infer the tangential component and therefore be able to estimate the actual

speed of the object speed as stated in eq. (2.4) and eq. (2.8) for monostatic and bistatic

radar respectively. With the radial component, speed estimation from Doppler frequency

is virtually difficult in some certain motion directions which make the value of cos θmono(t)

and cos θTm(t) + cos θRn(t) approaches zero in monostatic and bistatic radar respectively.

Considering the Wi-Fi CSI model in eq. (2.2), it can then be expressed in terms of the speed
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of moving object by substituting eq. (2.2c) with Doppler frequency in either eq. (2.4) or

eq. (2.8) depending on the configuration of Wi-Fi Tx and Rx positions.

2.3.2 Wi-Fi based OFDM Radar and The Joint Range and Speed

Estimation

The concept of utilizing multiple subcarrier frequencies in radar was firstly considered by

[72] in 2000. It then has been further investigated in terms of the OFDM signal coding for

radar application by [73] and the extension of OFDM radar in MIMO communication [47].

Later on, OFDM radar has been established by [48, 74] as the candidate system that could

enable both data communication and radar simultaneously without the interference between

each system. Since then, many researchers has been studied and formulated the usage of

OFDM radar in various aspect such as OFDM signal structure [49, 73, 75], range and velocity

ambiguity and resolution [48, 75, 76], and hardware and software complexity [73, 76]. The

utilization of Wi-Fi CSI for motion sensing analysis can be regarded as one of the application

in OFDM radar since OFDM signal is transmitted in the Wi-Fi communication system.

With the equally-spaced OFDM subcarrier frequencies, OFDM radar estimates range

information by taking IFFT of the estimated CSI with respect to subcarrier fk variable.

Likewise, with sufficient consecutive OFDM symbols within a window period of W where

TP is the symbol duration, radial speed in terms of Doppler frequency can be computed

from the FFT of CSI with respect to the temporal t variable [76, 77]. These transformations

will result in the Doppler-variant impulse response, also known as the spreading function,

which is a function of both propagation delay and Doppler frequency as shown in Fig. 2.5.

The delay resolution ∆τ(t) is restricted by a size of the signal bandwidth K∆f due to the

resolution trade-off with the subcarrier frequency. Since dbi(t) and dmono(t) in the bistatic and

monostatic radar system are all proportionally to τ(t), their finest range resolution ∆dmax(t)

where the radar is able to tolerably distinguish multiple objects with the same speed given

the maximum tolerable delay resolution τmax(t) can be expressed as,

∆dmono,max(t) =
c

2K∆f
(2.9)

∆dbi,max(t) =
c

K∆f
(2.10)

Similarly, Doppler frequency resolution ∆fd is depended on a length of the analyzed window

W . Let us consider a scenario where the Doppler frequency shift is maximized fd,max(t). In

such condition, the θmono(t), θTm(t), and, θRn(t) in both radar system are all either 0 or π

and thus the achievable resolution of object’s speed ∆vmax(t) can be determined by

∆vmax(t) = λ∆fd,max(t)

=
λ

2TP

(2.11)
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Figure 2.5: Range and speed estimation of multiple objects in terms of delay and Doppler

frequency with OFDM radar.

Considering the aspect of OFDM communication, the allowance propagation delay τmax

that prevents the suffering of OFDM symbol from ISI should be shorter than OFDM guard

band interval TG [50, 60]. Therefore, the maximum radar detectable range for monostatic

dmono,max(t) and bistatic dTm,max(t) + dRn,max(t) radar system can be computed by,

dmono,max(t) =
cTG

2
(2.12)

dbi,max(t) = cTG (2.13)

In frequency domain, the effect of Doppler frequency to the OFDM signal is manifested

as inter-carrier interference (ICI) which effectively reduces the orthogonality among subcar-

rier [50, 77]. Although this results in the performance degradation for the communication,

the OFDM radar ironically needs this Doppler frequency for the speed estimation. Since

the impact of ICI fortunately could be reduced with a larger subcarrier spacing ∆f rela-

tive to the maximum shift in Doppler frequency such that fd,max � ∆f , the fastest speed
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Table 2.1: Parameters of OFDM radar in case of utilizing 802.11n WI-Fi CSI [3]

Parameters Values (2.4 GHz) Values (5 GHz)

Finest speed resolution ∆vmax(t) 0.0625/TW m/s 0.03/TW m/s

Maximum achievable speed vmax(t) � 19,531 m/s � 9,375 m/s

Monostatic radar system

Finest range resolution ∆dmono,max(t) 8.57 m 4.21 m

Maximum range dmono,max(t) 60 m (TG = 0.4 µs), 120 m (TG = 0.8 µs)

Bistatic radar system

Finest range resolution ∆dbi,max(t) 17.14 m 8.42 m

Maximum range dbi,max(t) 120 m (TG = 0.4 µs), 240 m (TG = 0.8 µs)

the OFDM monostatic and bistatic radar systems are able to detect while maintaining the

communication quality [77] should be restricted by,

vmax(t)� λ∆f

2
(2.14)

With the implementation of OFDM radar into the existing Wi-Fi communication by

utilizing CSI tool mentioned in section 2.2.2, these radar parameters could be determined

by considering the structure of HT-LTF symbol from 802.11n Wi-Fi standard discussed in

section 2.2.1. As shown on Table 2.1, Wi-Fi motion sensing could theoretically have the

operational range larger than 60 meters. These range, however, may drastically reduce

owning to various variables such as obstacles, RCS of the moving IOs, transmitted power,

antenna gain, and noise floor [77]. In terms of range resolution, few meters range uncertainty

is unfortunately unreliable to track trajectory of micro-motion such as hand gesture. It is still

challenging with this coarse-grained resolution even for the human walking tracking in indoor

environment. With respect to the moving speed, it seems Wi-Fi CSI obviously can handle

a speed of hand gesture or any human activities since those speed are tremendously slower

than vmax(t) stated on Table 2.1. Although speed resolution is still inverse proportional to

the window size, this centimeter per second uncertainty may be sufficiently fined for the

hand motion analysis recognizing that the hand motion speed is still less than a few meter

per second according to literature [78, 79, 80, 81].

Therefore, it could be argued that only speed information could likely be utilized via

Doppler frequency for the Wi-Fi CSI based hand motion analysis. However, it is virtually

challenging to apply the range information for motion analysis with WI-Fi CSI owing to its

coarse-grained resolution.
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2.3.3 Micro-Doppler Effect

Let’s firstly discuss a type of moving object that induce Doppler frequency. The simplest

model of moving object the point scatterer only exhibits a single component of Doppler fre-

quency [51, 82]. As mentioned previously, this model is generally applicable in radar system

where the distance between the target and radar sensors are larger. This range is regarded

as far-field region can be defined based on the transmitted RF wavelength and the dimension

of the object [44, 83]. In this region, the phase variation of RF signal scattered from different

area on the target’s surface is negligibly small, approximately less than 22.5◦, and thus re-

sulting in the detectable coherent Doppler frequency. In a context of human motion sensing,

point scatter assumption could be impractical considering a shorter distance from the target

to the sensors as well as the target size. The more realistic but complicated model would

be a structural objects model consisting of multiple components. Each small movement of

these parts can be regarded either a rigid body or non-rigid body motion [1]. For example,

the former motion could be a subtle movement of torso while walking. Arm swinging, on

the other hand, can be regarded as the non-rigid body motion which consists of the bulk

rigid body movement of hand, forearm, and upperarm segment. These micro-motions could

induce many frequency modulations to the scattered RF signal and thus contributing to

multiple components of time-varying Doppler frequency upon the received signal and CSI

[51, 52, 53, 56, 84]. This characteristic of micro-Doppler effect can be clearly seen in the

joint time-Doppler frequency spectrum. In fact, a set of micro-Doppler signatures from each

micro-motions is then superimposed in the spectrum. In general, Doppler frequency of ob-

jects are likely situated near the area with higher power in the spectrum. Because of this

effect, it has been also exploited to analyze the kinematic properties of small components in

the complex structure such as leg swinging in gait analysis [56], and the rotation of helicopter

blades [51].

To understand the impact of micro-Doppler effect to the speed estimation in radar, let

us consider the non-rigid body motion of 2R robot arm [1]. For simplification, a straight

horizontal movement of the end-effector with a constant speed is assumed to simulate the

micro-motion of non-rigid body as depicted in Fig. 2.6a . Inverse kinematic solution in

[1] is applied to estimate the trajectory of the entire robot arm during a course of motion

given the reference movement at the end-effector. Considering five sample points denoted

as pj where j = 1, 2, ..., 5 with distinct trajectories depicted as solid-line with arrowhead

respectively in Fig. 2.6a, it is obvious that each point on the robot arm would generate

various speed. By subjecting this setup into a bistatic Doppler radar given in the figure,

micro-Doppler frequency induced from the movement of these points on the robot arm can

be simulated by utilizing eq. (2.8) under the transmission of RF signal operated at 5-GHz

carrier frequency. The five temporal profiles or signatures of micro-Doppler frequency marked

in Fig. 2.6a which represent the end-effector, joints, and the points in the middle of each
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Figure 2.6: Simulation of non-rigid body motion of 2R robot arm [1] and five sample signa-

tures of bistatic Doppler signatures from each segment, joints and end-effector
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robot arm’s segment were comparatively plotted in Fig. 2.6b. As expected, each of them

induced different Doppler pattern regardless of the constant speed at the end-effector. The

aggregation of these signatures in the received RF signal would be observed through the joint

time-Doppler power spectrum as either multiple stripes or spreading which is commonly

known as micro-Doppler effect [51, 56]. Suppose we want to estimate the velocity of the

2nd joint (p3). By simply observing Doppler profiles in Fig. 2.6b, it is still a challenging

task to determine which signature is corresponding to the Doppler signature of the target

joint without any supportive model. Having additional information such range and angular

variables could help deciding the target signatures however it comes with the cost of the

larger bandwidth and the need of array antennas [85, 86]. Inappropriate and unjustified

selection of Doppler selection could without a doubt lead to the higher error in the tracking

performance. Therefore, the investigation of micro-Doppler effect will be thoroughly covered

in chapter 5 for the estimation of hand Doppler signature during the course of hand gesture.

In fact, each profile here can be regarded as the i-th component of the TV-CSI expressed in

eq. (2.2b) for the CSI-based motion analysis.

Temporal characteristic of Doppler frequency is necessary in the velocity estimation via

radar. Table 2.2 lists various techniques that have been implemented to ease the analysis in

this problem. Depending on the types of motion and scenarios, the selection of these tools is

absolutely important for the motion analysis since each of them comes with both pros and

cons which has been summarized accordingly in the table.

• Hilbert transform (HBT) This transformation enables the computation of a so-

called instantaneous Doppler frequency through the the time derivative of time-varying

signal [87, 88]. Although it can yield better time and Doppler resolution than other

techniques, the applicability of HBT is restricted to only a monocomponent Doppler

frequency for any given time since its output always contains only one value. In the

presence of micro-Doppler frequency, HBT will obviously fail to provide an accurate

representation of multiple components of Doppler frequency.

• Empirical mode decomposition (EMD) As the name suggest, this technique de-

composes multi-component signal empirically into a set of time-varying monocompo-

nent called intrinsic mode function (IMF) [89]. Since the estimated IMF ideally con-

tains only one component at a time, HBT can be utilized to infer Doppler frequency

[51, 89]. The decomposition criteria does not have the concrete model but it relies on

empirical criteria based on the temporal characteristic of the signal such as maxima,

minima, and zero crossing points. Each IMF is estimated iteratively ordering from

higher to lower frequency components and are supposed to be a nearly orthogonal ba-

sis of the original signal [90]. Based on literature, EMD provides a good time-Doppler

frequency resolutions and also performs well with the target signal containing a unique
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set of signatures. Nevertheless, the drawback of this tool lies on the empirical method.

First of all, the performance of IMF could not be analytically validated due to the

lack of theoretical formula [91]. Therefore, IMF estimation is highly depended on the

variables adjustment during the decomposition. Mode mixing is another issue in EMD.

The phenomena describes the undesired IMF characteristic that additionally contains

high-frequency component in the lower-component IMF [92].

• Short-time Fourier transform (STFT) This classical joint time-frequency analysis

is in fact the extension of the traditional Fourier transform (FT) [51, 93]. STFT

utilizes a window function to localize multiple signatures of Doppler frequency within

each short-time period. The decomposition is computed via the Fourier basis and thus

could preserve the energy and spectral shape during the transformation. Therefore,

this method has been widely implemented in various fields including the micro-Doppler

analysis [8, 51, 53, 56, 84, 94, 95]. However, the localized energy within a short-time

period is restricted by the uncertainty principle resulting in the spectrum spreading

[93]. As a result, the STFT analysis inevitably is subject to the constant time and

Doppler frequency resolutions which are reciprocal of each other. In a nutshell, a longer

window size gains a better time resolution but reduces a resolution in Doppler frequency

domain, and vice versa for the shorter window period. Although changing type of

window functions have a direct consequence to the achievable trade-off resolution,

Gaussian window has been analytically proven to yield the optimal value among these

two quantities [94, 93, 96].

• Wavelet transform (WT) The idea of this transformation is motivated by a constant

resolution trade-off in STFT. Conceptually, WT relaxes this constraint by varying the

resolution at different frequency bands without violating the uncertainty principle [93,

97]. As a result, a better resolution of Doppler frequency (with a lower time resolution)

at a lower frequency band can be achieved. This feature, however, is opposite at a

higher frequency band with a higher time resolution but a poorer Doppler frequency

resolution. This concept can be achieved by introducing the wavelet signal, a finite

oscillating function, as the kernel instead of continuous signal as in STFT. Through the

convolution of the target signal with the translating and scaling version of the wavelet

signal, multi-resolution time-Doppler frequency spectrum can be obtained. Due to the

scaling property, the wavelet spectrum represents the component of signal in terms

of wavelet scale which is inverse proportional to Doppler frequency. Although the

Doppler domain could be easily converted in WT, it will be arranged in a non-linear

scale which is different from other techniques. Regardless, WT also becomes one of

widely-implemented joint domain analysis in various field owning to resolution variety

[97, 98, 99, 100, 43]. Similar to the window function in STFT, there are plenty of
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wavelet signal to be used in WT and thus also have a direct impact to the wavelet

spectral shape and resolution. The incompatibility of a certain wavelet basis to the

target signal features could lead to the poorer time and Doppler frequency resolution

than its counterpart STFT.

• Wigner-ville distribution (WVD) This technique is similar to STFT in the sense

that both decompose the spectral component with Fourier basis. Unlike STFT, this

technique applies Fourier transform to the time-dependent autocorrelation function of

the target signal [51, 93]. Henceforth, the short-time spectrum of WVD is one-sided

owing to the autocorrelation. Mathematically, it has been shown that WVD could

acquire a better resolution than either STFT and WT. Unfortunately, WVD strongly

suffers from the cross-term interference which could be regarded as the undesired com-

ponents occurred in the spectrum. The WVD drawback from this attenuation could

make it difficult in the presence of micro-Doppler effect as the distortion to the shape

of spectral. Although this interference could be mitigated by applying the appropriate

filter, the smoothing WVD spectrum will unavoidably spread out thus losing the reso-

lution in the process. In fact, STFT and WT can be considered as the special case of

the smoothing WVD [93].

• Subspace method Rather than decomposing the target signal into the spectrum,

this technique conceptually projects each temporal signal segment into an orthogonal

subspace [101]. Each subspace may contain a single or multiple Doppler components

depending on the coherency of Doppler signatures within a short-time period. The

reconstruction technique of the pseudo-Doppler spectrum from each subspace is basi-

cally computed by utilizing the subspace basis function or the subspace array response.

Famous subspace techniques such as multiple signal classification (MUSIC) [102] and

estimation of signal parameters via rotation invariance (ESPRIT) [103] have also been

implemented in the analysis of Doppler frequency [54, 104, 105, 106]. Because the

mean of estimating Doppler frequency component could be categorized as the continu-

ous search along the subspace plane, it could obtain a super resolution in both Doppler

and temporal domain. However, the method assumes the known number of the signal

subspace which is difficult to determine especially in the presence of micro-Doppler ef-

fect. The physical interpretation of signal subspace is also another issue in this method

since again it does not always represent each Doppler signature. Moreover, it requires

plenty of signal samples or sensors to construct the orthogonal subspace basis from the

signal correlation matrix.

As far as micro-Doppler effect is concerned, HBT is obvious is not a preferable technique

due to its inability to deal with multi-component signal. WVD and subspace may not be

a suitable analysis tool as well since the former could have the spectrum shape distorted
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Table 2.2: Comparison of the joint time-Doppler frequency analysis

Techniques Merit Drawback

HBT
high resolution, feasible only a single

simplicity component signal

EMD high resolution

lack of mathematical

framework,

mode-mixing issue

STFT
preserving energy and fixed uncertainty

spectral shape trade-off

WT multi-resolution

wavelet-dependent

resolution,

non-linear Doppler scale

WVD
high resolution, cross-term interference,

preserving spectral shape only one-sided spectrum

Subspace

prerequisite number of

super resolution incoherent signal component,

large number of signal sample

resulting in the difficulty to handle the continuous spectrum spreading whereas number

of Doppler coherency is hard to estimate in the latter technique. Considering the hand

gesture motion sensing, it could be a challenging task to model the characteristic of Doppler

signatures for all possible variety of gestures. Although the remaining techniques are able

to handle the unknown pattern of Doppler frequency, STFT is finally chosen in this study

because it could preserve the power and spectral shape which makes it easier for the physical

interpretation of Doppler signatures in the join time-Doppler power spectrum.

2.4 RF-based Motion Sensing

Through extensive literature review, applications of human motion sensing with RF signal

can be broadly categorized into three groups: detection, recognition, and tracking. The

target motion is varied from a macro-motion such as human action and activity down to

micro-motion of hand and finger gestures [13]. Typically, Doppler, delay, and angular infor-

mation derived from either received RF signal or CSI are exploited for sensing the moving

target [14, 107].
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2.4.1 Motion Detection

Detection could be considered the basic application in comparison to other motion sensing

analysis. In general, this study may be regarded as the two-state prediction in which the

system attempts to passively perceive whether there exists any motion happening in vicinity

based on the temporal phase change caused by Doppler frequency. Since only the presence of

Doppler is sufficient for detection, previous works simply analyze the phase term of the signal

without any decomposition techniques. Additional, it was mathematically shown in [26] that

the effect of Doppler frequency manifested in the amplitude of the measured CSI as temporal

fluctuation and thus is utilizable for the motion detection. In fact, most literature with Wi-

Fi CSI preferred the use of amplitude since the time-varying phase caused by the motion is

highly contaminated by the undesired phase rotation owning to non-synchronization between

Tx and Rx [108].

Previous works in [34, 109, 110, 111] analyzed the temporal characteristic of the measured

CSI from the human walking to realize the passive intrusion detection. Short-time variance

profile is the common features for the intrusion detection application such as people entering

the room since it directly capture signal variation. Amplitude variance of CSI was applied to

hidden Markov model (HMM) and Gaussian mixture model (GMM) in [109, 110] respectively

to train and predict the presence of human walking. [111] supplied the variance of CSI phase

information together with the amplitude variance as the features into the support vector

machine (SVM) model to increase the intrusion detection performance. Since the undesired

phase rotation obscured the rotation from the motion, the phase difference between adjacent

antennas was applied to partially mitigate the undesired phase rotation in CSI phase. On

the other hand, [34] applied the widely-implemented phase sanitization technique to reduce

the impact from the undesired rotation. In this work, the heuristic threshold was derived

based on the sanitized phase variance to detect the presence of human motion.

The passive fall detection with RF signal has also been studied to improve the elderly

care system [112, 113]. In a nutshell, the concept is closely related to the intrusion detec-

tion explained previously. Instead of the gradual temporal change in the RF signal due to

human walking, this problem focuses on the micro-Doppler effect of human falling which is

manifested as a harsh and rapid change of signal within a relatively shorter period [113].

The fall detection in [40, 112, 114] followed the same analysis as in intrusion detection which

essentially trains the classifier model such as SVM or k-th nearest neighbor (kNN) with the

statistical features extracted from either temporal profile of CSI amplitude or phase. On

the other hand, the analysis in [115] conducted in 24-GHz radar system identified the micro-

Doppler signature of human torso while falling from the STFT spectrum and then used it as

the SVM feature to evaluate their fall detection performance. Aside from the fall detection,

[113] has studied the characteristic of micro-Doppler effect when human falling. The study

was conducted in simulation with a simple movement model consisting of 5 moving scatterers
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corresponding head, arms, and legs. The result has been verified with the measurement data

obtained from channel sounder.

In the healthcare application, [9, 33] estimated breathing and heart rate by observing

the subtle phase oscillation of received signal and CSI respectively which were caused by

the subtle movement of human chest. In CSI phase preprocessing, linear phase sanitization

technique was applied in [33] while the inter-antenna phase difference was utilizing in [9]

to deal with the undesired phase rotation. In contrast, The time-variance CSI amplitude

[11, 12, 36, 116] detected the vital signal for the remote sleep monitoring system. Since

breathing generally generates a unique periodic pattern, these works could also retrieve and

validate the rate of breathing by taking FT over the time-varying amplitude or phase. The

concept of breathing detection has also been extended for the detection of human smoking

in [29] which aimed to capture the temporal change of CSI amplitude caused by the smoker

while inhaling and exhaling. Furthermore, as suggested in [20, 116], the usability of breathing

detection could be applied in parallel with the intrusion detection framework to sense the

presence of both dynamic and stationary scenarios.

2.4.2 Motion Recognition and Identification

Arguably, the could be considered the most popular application in RF-based motion sensing

due to its simplicity and practical. Given statistical, time-series, and/or spectrum features

obtained from measured CSI or received RF signal data, the unsupervised pattern matching

based algorithm is applied to train the classification model. Depending on how distin-

guishable the features are, a group of gestures or activities can be correctly recognized. In

comparison, this motion recognition aims to differentiate various actions based on the effect

of micro-Doppler in amplitude and phase of either CSI or received signal whereas the motion

detection attempts to simply find the presence of certain motion. Similar to the detection,

recognition is the data-driven approach and does not directly require the knowledge in radar

Doppler model which is, in contrast, essential for the motion tracking application. There-

fore, the estimation of range and speed is not necessary as long as each action preserves the

uniqueness of overall time-varying signal.

Device-free human action/activity recognition has been intensively researched since the

benefit of non-intrusive system could help realizing the HCI system and enhancing internet-

of-things (IoT) application [107]. Recognition systems in [26, 37] focused their analysis on

the common human activities in the indoor environments such as running, walking, and

sitting down by utilizing CSI amplitude. HMM was used in [26] to classify these activities

based on features in both temporal and WT-based frequency domains. On the other hand,

[37] applied the statistical features to SVM model for classification. The statistical features

of CSI amplitude were also utilized in [28] to identify a certain person from different group of

people while crossing the LoS between two Wi-Fi transceivers. Sparse Approximation based
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Classification (SAC) commonly used in the face recognition problem was applied to handle

multiple features in their study. RF-based human identification was also performed in the

frequency modulated continuous wave (FMCW) multi-static radar system in [117]. With

4 Txs and 8 Rxs, joint range-angular spectrum could be estimated to visualize the strong

scattered signal from any human standing nearby radar sensors. Principle components of

this joint spectrum was then used to identify 10 persons with the SVM classifier model.

Many works also proposed the usage of RF-based hand gestures recognition since the

micro-Doppler effect from a micro-motion of hand movement could still be detectable. On

average, around 6-10 gestures could be distinguished in each previous work. While [43] still

utilized a statistical features of CSI amplitude for classify hand gestures, other works have

begun to analyse the micro-Doppler components of either received signal or CSI at different

frequency bands since gesture is becoming harder to distinguish from the statistical feature

alone. For instance, the temporal sequence features of Doppler sign was selected in [4] as

motion features for recognizing simple hand gestures such as pushing, pulling, and swiping.

Similarly, the WT-based high frequency component of the received Wi-Fi signal were applied

as the motion features in [6, 19]. These works classified gesture with the primitive technique

of time-series sequence matching. Inverse synthetic-aperture radar (ISAR) was applied in [42]

to construct the MUSIC pseudo-spectrum of time and angular domains from the measured

CSI under the pseudo-monostatic radar configuration [44]. This spectrum was then used as

feature of SVM model to recognize hand gestures. In [52, 53], the envelope of micro-Doppler

spectrum of CW radar were extracted as hand gesture features. Various classification models

have been compared in these previous works with the agreement conclusion that the best

classifier belongs to kNN. In addition, it has been shown that RF-signal could still perceive

a tiny and subtle change of finger gesture [31, 30, 32] and the lip motion [7]. The objective

of finger gesture recognition is similar to those of hand gesture. Lip recognition, on the other

hand, recognized Doppler frequency signature corresponding to the fundamental English

phonetic by using Multi-Cluster/Class Feature Selection (MCFS) classifier. By correctly

recognize the phonetic sound, the system is able to reconstruct any word the target has

spoken.

2.4.3 Motion Tracking

Unlike other sensing techniques, motion tracking requires an accurate kinematic information

such as velocity, position, and angle to correctly estimate the target trajectory. Therefore, the

radar model described in section 2.3 is commonly applied for the RF-based tracking problem.

In comparison, motion detection and recognition can handle only a single motion and a set of

motion respectively whereas the motion tracking application ideally could deal with any kind

of motion. In literature, only a few motion tracking was proposed with the commercial Wi-Fi

system in comparison with the detection and recognition applications. This is because the
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poor range resolution and the noisy Doppler measurement owing to the narrowband signal

and the undesired phase rotation in the measured CSI respectively. Therefore, FMCW radar,

USRP, and WARP based motion tracking platform were alternatively introduced to achieve

a better range and Doppler quality than CSI data.

Intensive research has been conducted in RF-based indoor human tracking. Although

the non-rigid body motion of human walking induced micro-Doppler effect, the strongest

scattering usually contributes from the bulk human torso [51, 117]. Since most literature

[5, 15, 54, 55, 68] detected the human motion based on the highest power in either Doppler,

range, or angular domain, it is likely that their tracking systems implicitly traces the torso

movement. In [68], 1D human tracking was implemented using the received Wi-Fi signal

obtained from USRP. Here ISAR technique was applied to translate the Doppler frequency

into the 1D angle-of-arrival (AoA) MUSIC pseudo-spectrum. With ISAR, the obtained AoA

represents the angle relative to the direction between radar sensor and the human tempo-

ral position. For the 2d tracking, [54, 55] iteratively traced the human walking trajectory

from the estimated Doppler profile by exploiting bistatic radar model between single Tx

and multiple Rxs. Doppler frequency was estimated from MUSIC and STFT in the for-

mer and latter works respectively. In addition, the former proposed the use of the angular

information to improve tracking accuracy. Space Alternating Generalized Expectation Max-

imization (SAGE), a high dimensional search algorithm, was implemented in [5] to estimate

range, AoA, and Doppler with high resolution from Wi-Fi CSI. Although the resolution was

improved, additional signal processing is needed to handle the noisy Doppler measurement

and the range uncertainty of CSI. Multiple motion tracking has been achieved in [15]. They

utilized multi-static FMCW radar to construct the fine-grained 2D range spectrum. By an-

alyzing a pair of spectrum from the consecutive received signal, multiple movement could be

localized.

In contrast to motion recognition, Device-free hand gesture tracking with Wi-Fi CSI has

not been widely studied. In fact, only previous works in [57, 58] has investigated the possi-

bility of hand motion tracking. As mentioned in [57], the change of angular spectrum profile

due to the shadowing of hand at certain position could help tracing hand trajectory. To re-

alize this concept, at least 30 Wi-Fi transmitters have to be distributed over the experiment

scenario to track the 3D hand movement in terms of the change in AoA profiles. Despite

the fruitful trajectory estimation result, it is applicable only when the gesture is performed

around 0.6 meter nearby the Wi-Fi receiver. On the other hand, [58] has the capability

to track 2D hand trajectory performed in horizontal direction with only 1 Tx and 2 Rxs.

By utilizing the ellipse geometry of bistatic radar, the 2D temporal position was recursively

estimated. However, this system needs the pre-determined gesture to estimate the initial

position before the iterative process. Another drawback of this tracking system is that the

Doppler frequency was estimated using HBT technique whose micro-Doppler effect does not
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take into account. Therefore, the usability might be limited to only the scenario where it

exists only a single dominated scattered power in the entire gesture motion.

2.5 Summary

In this chapter, we have elaborately explained literature review regarding the technology in

RF-based motion sensing specifically through the usage of Wi-Fi CSI. From the CSI mod-

elling and estimation, it was showed that the CSI-based motion analysis could be considered

as the application in OFDM radar. The review in OFDM radar has concluded that range in-

formation is unreliable with the narrowband signal of commercial Wi-Fi devices. Henceforth,

only speed information could be utilized via Doppler frequency.

The non-rigid body motion of human action/activity inevitably induces micro-Doppler

effect. Its consequence is manifested as the ambiguity in Doppler power spectrum. velocity

profile estimation becomes challenging as the target Doppler signature is difficult to obtain

from the superposition of multiple Doppler components in the spectrum. To ease the analysis,

selecting the suitable joint time-Doppler transformation is essential. Since different hand

gesture could produce various temporal characteristic, STFT was selected for the motion

sensing analysing in our study since since it correctly preserve the Doppler spectral shape

and energy in comparison with various techniques explained in this chapter.

According to the intensive literature review, RF-based motion sensing can be categorized

based on applications into detection, recognition, and tracking. Data-driven approach is the

core concept for the motion detection and recognition application. For that reason, their

proposed models were not based on radar or EM scattering theory which describe the physical

characteristic of Doppler frequency. In motion tracking system, majority focused their study

on the indoor human trajectory tracking by utilizing radar model. Hand motion tracking,

in contrast, has not gained much attention in comparison with the hand gesture recognition

system. Although previous work in hand tracking utilized radar model, the impact of Micro-

Doppler effect to the quality of estimated trajectory has not yet been addressed. Moreover,

their system also required the manual calibration before imitating the hand tracking process.

In the later chapter, we will explain our passive hand tracking system that addresses micro-

Doppler effect and thus does not requires any manual calibration prior to the tracking.
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Chapter 3

Mitigation of Undesired Phase

Rotation in Measurement CSI

3.1 Introduction

In order to effectively suppress the phase rotation without contaminating the CSI, a cali-

bration method by using a back-to-back (b2b) channel will be introduced in this chapter.

The effect of the attached spatial mapping (SM) and cyclic shift diversity (CSD) matrices to

the extracted CSI for multiple transmit streams configuration [3, 35] will also be discussed.

Furthermore, it will show that in case of single-input-multiple-output (SIMO) configura-

tion, the proposed calibration method can effectively remove SM and CSD matrices without

requiring their knowledge and thus returning the channel matrix without distortion. For

validation, the experiment was performed to compare between the calibrated CSI with the

channel measured using a Vector Network Analyzer (VNA) as ground truth. Furthermore,

the correctness of the estimated Doppler frequency is visualized from the simple movement

of hand swiping and different position.

3.2 Effect of Spatial Mapping and The Effective CSI

In the case of MIMO configuration, each OFDM symbol X̃(t, fk) is firstly allocated into iSM

spatial stream. Suppose the OFDM symbol that will be transmitted with the SSM spatial

streams is denoted by,

X̃(t, fk) =
[
X̃(1)(t, fk) X̃(2)(t, fk) , · · · , X̃(iSM)(t, fk)

]
(3.1)

The vector is then being shifted and/or multiplied by the SM and CSD before transmission

according to the IEEE 802.11n standard [3] as shown in Fig. 3.1. The SM matrix Q with a

dimension of M × SSM modulates SSM spatial streams into M transmit antennas. Although

35
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there exists plenty of Q, the mapping matrix can be grouped into 4 categories according to

the standard.

• Direct mapping This is a simple form of SM mapping in which each m-th transmit

antenna is corresponded to only a single stream. Identity matrix is a special case

that literally bypass the spatial mapping. The following SM is the example of direct

mapping in case of M = 4 and SSM = 3,

Qdirect =


1 0 0

0 0 0

0 0 1

0 1 0

 (3.2)

With this mapping, three input spatial streams are directly mapped to the 1st, 4th, and

3rd transmit antennas respectively whereas the 2nd antenna is left unused.

• Indirect mapping All SSM streams are somehow superimposed and sent concurrently

through all M transmitter in this mapping. In order to correctly decouple these streams

at the receiver, SM should be a square unitary matrix such as the Hadamard matrix

[3]. According to [35], Intel 5300 NIC also applies the indirect mapping to the transmit

OFDM signal. The following is the indirect SM matrix of Intel 5300 NIC provided by

the CSI tool [24] when the Wi-Fi transmission is operated at 40 MHz bandwidth with

three transmite antenna (M = 3),

Qindirect =

 e
−j2π(1/16) e−j2π(80/13) e−j2π(80/23)

e−j2π(80/37) e−j2π(48/11) e−j2π(240/107)

e−j2π(80/7) e−j2π(240/83) e−j2π(48/11)

 (3.3)

• Spatial expansion This technique considers the direct and indirect mapping as the

intermediate mapping. Spatial expansion further maps the SSM spatial streams in to

M transmit antenna such that M > SSM through the multiplication with the unitary

matrix. the factor
√
SSM/M is applied to normalize the power spreading from asym-

metry mapping. For example, considering the mapping from 1 spatial stream to 3

transmit antenna, the spatial expansion can be expressed as [35],

Qexpand = Q{direct,indirect}
1√
3

[
1 1 1

]T
(3.4)

• Beamforming steering matrix Unlike other predetermined mapping technique, the

element of the beamforming matrix is adjusted according to the channel condition

estimated from the CSI at previous timestamp. Moreover, this mapping could be

subcarrier frequency dependent in order to improve the transmission quality based on

the estimated channel.
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Figure 3.1: Partial Wi-Fi transmitter block diagram with 3 spatial streams being mapped

by SM and CS according to IEEE 802.11n standard.

CSD is added in Wi-Fi communication to enable the spatial diversity. According to the

standard, it is defined as a subcarrier-dependent diagonal matrix which can be given as

ζCSD(fk) =


ζ(1)(fk) 0 · · · 0

0 ζ(2)(fk) · · · 0
...

...
. . . 0

0 0 · · · ζ(iSM)(fk)

 (3.5)

where each diagonal element of CSD is given by ζ(iSM)(fk) = exp
(
−j2πk∆fτ

(iSM)
CSD

)
. In

general, CSD rotates the spatial streams with different delay offsets τ
(iSM)
CSD which is given in

[3] for Wi-Fi IEEE 802.11n standard. Consequently, this eases the receiver to distinguish

incoming signal with multiple streams. As a result, the transmitted OFDM symbol can be

written in terms of vector as,

X(t, fk) = X̃(t, fk)QζCSD(fk) (3.6)

In fact, the element of X(t, fk) is the transmitted Wi-Fi signal from m-th transmitter

Xm(t, fk) which has been described in eq. (2.1).

In IEEE 802.11n Wi-Fi standard, there are two procedures to obtain CSI depending on

where CSI estimation is calculated which are called implicit and explicit methods. Suppose

the CSI between transmitter and receiver with M and N antennas respectively is written in

terms of channel matrix H(t, fk) with N ×M dimension. For consistency, the CSI model

Hn,m(t, fk) addressed previously in eq. (2.1) is the element of this channel matrix. Consider-

ing a Wi-Fi communication scenario between ST1 and ST2 Wi-Fi transceiver. For the sake

of explanation, let us assign m-th Wi-Fi transmitter and n-th Wi-Fi receiver to respresent

ST1 and ST2 respectively.
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ST1

(1) sending known sequence

ST2

(2) feedback known sequence

(3) remove SM, CSD

(4) estimate channel 

using feedback signal

(a) implicit CSI estimation

ST1 ST2

(1) sending known sequence
(2) estimate the effective 

channel from the the 

received signal

(b) Explicit CSI estimation

Figure 3.2: Diagram of Wi-Fi CSI estimation in 802.11n standard.

In the implicit method, the estimation of CSI matrix from ST1 to ST2 is calculated at

ST1 by deriving its reverse channel based on a feedback signal sending from ST2 as depicted

in Fig. 3.2a. The explicit method depicted in Fig. 3.2b estimates channel directly at the ST2

receiver. However, this method in practice cannot separate the SM matrix from CSI because

the ST1 transmitter does not provide spatial mapping to the ST2 receiver. Additionally, it

may not have removed CSD matrix from CSI despite having information of CSD defined in

Wi-Fi standard. This type of CSI is called effective CSI [3, 35],

Heff(t, fk) = H(t, fk)QζCSD(fk) (3.7)

Note that the dimension of Heff(t, fk) is N×SSM which clearly does not represent the wireless

channel between a pair of antenna as described in eq. (2.2). For instance, an open-source

Linux 802.11n CSI tool developed by [24] used the explicit method to capture the effective

CSI per received Wi-Fi packet. Since the tool was applied in this work, our CSI calibration

inevitably has to remove SM and CSD matrices aside from phase rotation in order to return

the correct channel matrix H(t, fk).

The phase component of CSI is the most significant feature for motion detection analysis.

This is because when there is any motion, the set of signal that interacts with these dynamic

IOs will physically experience change in their propagation paths. Specifically, d
(i),TV
n,m (t) of

the i-th propagation path in eq. (2.2b) keeps changing with time and therefore exhibited as

a phase rotation in the measured CSI. Unfortunately, this phenomena could not be directly

observed because it has been corrupted by the additional time-varying phase rotation ψ(t, k)

due to non-synchronized LOs. Here k is the subcarrier index. To visualize the effect of ψ(t, k)

on CSI phase, we connected two Wi-Fi stations with a cable and measured the back-to-back

(b2b) channel of 30 subcarrier frequencies over 2000 snapshots. An attenuator was inserted

in between to prevent damage to the Wi-Fi devices. In comparison, the channel without
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Figure 3.3: 2000 snapshots of the phase of Wi-Fi CSI (blue dots) and the phase of a channel

measured by VNA (red dots) under the same b2b configuration plotted in polar coordinates.

phase rotation was measured using a VNA with the same configuration. Fig. 3.3 shows that

Wi-Fi CSI phase (blue dot) appears to be spinning around the polar coordinate plane even

in the static wired channel. In contrast, the channel measured using the VNA (red dot) has

a relatively stable phase in all 30 frequencies with a constant phase shift between consecutive

frequencies which seems to agree with eq. (2.2). Hence, it is a non-trivial task to mitigate the

phase rotation term denoted as exp
(
−jψ(t, k)

)
in a measured Wi-Fi CSI before attempting

any further motion analysis.

3.3 Source of Undesired Phase and The Effect to The

Measured Doppler Frequency

The sources of phase rotation have been widely discussed throughout CSI phase related liter-

ature. There are at least four sources listed below that contribute to CSI phase information.

• Carrier frequency offset (CFO) [120, 2, 9, 25, 38, 108, 121] Although both Tx and
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Rx operates in the same band during the communication, carrier frequency is generated

from different local oscillators (LO) that are not ideal and therefore locally introduce

an additional frequency shifting and varying to the desired carrier frequency over time.

If their LOs are not perfectly synchronized, the received signal will be contaminated by

the CFO which is the carrier frequency difference between Tx and Rx. In fact, OFDM

is highly sensitive to CFO as it contributes to the inter-carrier interference (ICI). In

CSI, the impact is consequently affected phase of all subcarrier equally in terms of the

temporal phase offset ψC(t) as visualized in Fig. 3.4a.

• Sampling frequency offset (SFO) [2, 9, 25, 34, 38, 108, 122, 120] Similar to the

CFO, both Tx and Rx use different ADC clocks which control the rate at which the

signal is transmitted and received. These clocks are not ideal and will occasionally

and separately introduce the temporal sampling drift. With this mismatch, a portion

of OFDM signal in time domain observed by the Rx may not fall within the ideal Rx

window. This effect contributes to the ICI the same as CFO. In the frequency domain,

it distorts each subcarrier frequency differently at the phase term of CSI. Therefore,

the characteristic of SFO can be represented by an additional phase rotation ψS(t)

proportional to subcarrier index k as shown in Fig. 3.4b.

• Packet boundary delay (PBD) [2, 9, 25, 108, 121, 122, 123] After an OFDM packet

which consists of a sequence of OFDM symbol passes through the ADC, the receiver

must perform the symbol synchronization in order to correctly estimates the bound-

ary of each OFDM packet out of the received transmission stream. As a sequence

of OFDM symbol is orthogonally modulated at each subcarrier, the symbol synchro-

nization attempts to search the packet boundary such that the orthogonality between

consecutive symbols is preserved. Within the search interval restricted by guard in-

terval, it is stated [2] that there exists multiple delay positions in this period where

the synchronization can be yielded due to the shorter size of OFDM packet comparing

to the search interval. Therefore, the received signal and thus CSI unavoidably suffer

from the additional delay or PBD. This delay exhibits a similar effect to SFO in the

frequency domain as another additional phase rotation ψP(t) proportional to subcarrier

index as shown in Fig. 3.4b.

• Phase-locked loop offset (PLO) [9, 108, 121] When Wi-FI NIC is intiated, LO

generates a random initial phase at the phase-locked loop circuit for generating a center

frequency. The random phase offset for both Tx and RX are not the same because

they each comes from different chips. The phase difference between them is referred

as PLO. Similar to CFO, the impact contributes to the CSI such that the phase term

is additionally leveled by a relatively constant phase offset ψPLL as shown in Fig. 3.4a.
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(a) Effect of CFO and PLO (b) Effect of SFO and PBD

Figure 3.4: Geometric representation of CSI phase with subcarriers before (solid line) and

after (dash line) being shifted and rotated by phase offset sources according to [2]

Figure 3.5: Effect of the temporal phase rotation to the CSI phase (cyan) in comparison

with the original phase component (red).



42 CHAPTER 3. MITIGATION OF UNDESIRED PHASE ROTATION IN MEASUREMENT CSI

The time-varying phase rotation ψ(t, k) can be modeled as a summation of these four

sources as follows.

ψ(t, k) =
[
ψP(t) + ψS(t)

]
k + ψC(t) + ψPLL (3.8)

Fig. 3.5 visualizes the effect from the phase rotation’s sources causing the time-varying

shift and rotation of the CSI phase away from the channel without the phase rotation.

Unfortunately, even though a model of ψ(t, k) can be formed, it is a challenging task to filter

out the rotations because we cannot directly obtain their parameters from the NIC. Hence,

other indirect signal processing techniques are needed for calibration of CSI phase rotation.

It is worth noting that, although NIC has implemented CFO and SFO correction, it may not

be able to remove these rotations entirely [38, 108]. As clearly seen in Fig. 3.3, the result

after correction would still be the residual phase rotation added to CSI phase.

To handle with this undesired phase rotation, various techniques have been introduce in

literature. In general, their methods could be divided into three approaches in the followings.

• Undesired phase mitigation with amplitude One of the straightforward method

is to utilize only the amplitude part of signal. As elaborated in [26], the influence of

motion in terms of Doppler frequency is also manifested in the amplitude part. This

can be explain by considering the CSI model described in eq. (2.2) contaminated by

the undesired phase rotation Hn,m(t, fk) exp
(
−jψ(t, k)

)
. The model of CSI power in a

noise-free condition can be given as,∣∣∣Hn,m(t, fk)
∣∣∣2 =Hn,m(t, fk)H

∗
n,m(t, fk)

=
[
HTIV
n,m (fk)

]2

+HTIV
n,m

∗
(fk)H

TV
n,m(t, fk)

+HTIV
n,m (fk)H

TV
n,m

∗
(t, fk) +

[
HTV
n,m(t, fk)

]2

(3.9)

where [·]∗ is the conjugate term. As clearly seen from the above equation that the

effect of motion represented by TV-CSI still exists in the amplitude as the sinusoidal-

like fluctuation where as the undesired phase rotation got cancelled out owing to its

conjugation. However, since the amplitude is not an analytical signal, it only represents

a magnitude of Doppler but not the sign which represents a relative 1D direction.

Undesired phase mitigation with linear phase sanitization This is another

well-implemented signal processing method [27, 34, 38, 39]. Basically, it assumes the

slope and offset of the measured CSI phase are highly distorted by ψP(t) + ψS(t) and

ψC(t) + ψPLL(t) respectively. By removing these linear variables, the residual should

contains a temporal rotation signature of Doppler signature. The sanitized phase can

be expressed by subtracting the overall slope βslope and the mean from the measured



3.3. SOURCE OF UNDESIRED PHASE AND THE EFFECT TO THE MEASURED DOPPLER FREQUENCY43

CSI as

∠Hsani
n,m(t, fk) = ∠Hn,m(t, fk)−

kβslope +
1

K

K
2∑

k=−K
2

∠Hn,m(t, fk)

 (3.10)

The drawback of this approach is that the original phase rotation due to Doppler

frequency shift is distorted. Nevertheless, this sanitized phase can be directly utilizing

to detect a simple motion through the phase fluctuation. Some previous works such as

[42] reconstructed the analytic CSI by simply combining the the sanitized phase with

its amplitude. However, it is obvious that the analytic signal still suffer the distortion

owing to the partial removal of CSI phase. To the best of our knowledge, there is no

justification of what the sanitized phase physically represents. This is the reason why

the sanitized phase-based application is quite limited and mostly case-dependent.

• Undesired phase mitigation with the inter-antenna phase difference The con-

cept of this method stems from the assumption that both received antennas generated

by the same Wi-Fi ship should experience the same undesired phase rotation. Theoret-

ically, phase offset should be canceled out after taking the difference between two CSI

data. This method, although, could filter out the majority of the offset, the remaining

is not the original CSI phase but a relative phase difference between two antennas.

Nevertheless, the output is relatively constant with time in a static scenario and varies

strongly in the presence of motion as shown in [9, 33, 40, 41].

Originally, this method is developed for the motion analysis with only CSI phase.

However, the extension of this concept has been implemented in [54, 55] such that the

analytic CSI can be directly utilized for motion analysis. The concept has a crude

assumption that two antennas should be located nearby such that the they could

experience the similar temporal multipath channel. By applying the cross-correlation

between these pair of CSI, the undesired phase offset should be removed similar to the

CSI amplitude approach.

H∗n,m(t, fk)Hn+1,m(t, fk) = HTIV
n,m

∗
(fk)H

TIV
n+1,m(fk) +HTIV

n,m

∗
(fk)H

TV
n+1,m(t, fk)

+HTV
n,m

∗
(t, fk)H

TIV
n+1,m(fk) +HTV

n,m

∗
(t, fk)H

TV
n+1,m(t, fk) (3.11)

The cross correlation could preserve the Doppler frequency components located in

the 4th term while the static component is contained in the 1st term. Unfortunately,

similar to the WVD join-time Doppler analysis mentioned in section 2.3.3, the issue

of this method is obviously the image of Doppler frequency owing to the cross terms

generated by the 2nd and 3rd terms in the above equation. Another drawback is the

ill-assumption regarding the position of a pair of antennas. A closer two antennas

is, the higher antenna coupling effect they will experience which effectively distorted
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the quality of CSI. Therefore, it would be difficult that these two channels physically

represents the same characteristic.

3.4 Novel Phase Rotation Calibration

Based on previous techniques, there is no such method that could mitigate the undesired

phase rotation without sacrificing the original CSI phase. With this reason, the goal of our

CSI calibration method is to virtually subdue phase rotation and thus maintain original CSI

in both the amplitude and phase components.

3.4.1 CSI Calibration Model

The calibration should be able to analytically explain the effect of movement in a target CSI

which is assumed to be the measured channel Hn,m(t, fk). Since it is infeasible to precisely

acquire the parameters of phase rotation from NIC, the practical solution to remove them

would be the normalization of the target CSI with a reference CSI that suffers the same

rotations. Hence, it is argued that the ideal reference CSI for phase rotation removal should

have the following properties. It should be a static channel which is independent from the

target CSI, and both experience the same phase rotation which can be written as

HREF(t, fk) =

 LB∑
b=1

α(b)(fk) exp

(
−j2π

λk
d(b)

) exp
(
−jψ(t, k)

)
(3.12)

where LB is a total number of path propagating in the reference channel. Subsequently, the

calibrated CSI can be formulated as the CSI in eq. (2.2) being normalized by the transfer

function of the reference channel,

HCAL
n,m (t, fk) =

Hn,m(t, fk)

HREF(t, fk)

=

LTIV∑
j=1

α(j),TIV
n,m (fk) exp

(
−j2π

λk
d(j)TIV
n,m

)
+

LTV∑
i=1

α(i),TV
n,m (t, fk) exp

(
−j2π

λk
d(i),TV
n,m (t)

)
LB∑
b=1

α
(b)
b2b(fk) exp

(
−j2π

λk
d

(b)
b2b

)
(3.13)

This calibration, however, does not consider the effect of SM and CSD. In case of the

effective CSI described by eq. (3.7), Q and ζiSM(fk) matrices must be separately detached

prior to the calibration. In fact, the effect of CSD can be negligible for motion analysis

because it only adds a constant phase due to the calibrated CSI although it will cause the
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Figure 3.6: 3 × 3 MIMO configuration describing the implementation of the simplified CSI

calibration technique in eq. (3.14)

delay offset in the channel impulse response. On the other hand, SM must unavoidably be

removed beforehand if the transmitter does not use direct spatial mapping. This is because

the m-th element of CSI does not represent the channel coming from a single transmit stream

but the mixture between multiple streams.

Regarding the practical reference CSI for the implementation of our calibration method,

the previous works of using CSI amplitude and the phase difference approaches also use the

concept of reference CSI where the target CSI itself and the CSI measured from different

antenna port are treated as the reference respectively. As it was mentioned in section 3.3,

although both methods could remove the phase rotation, the partial or entire CSI phase

is also inevitably removed because these reference channels are not independent from the

target CSI. The CSI measured from a transmit antenna and the receive antenna located far

away relative to the location of moving IOs could satisfy the condition of the reference CSI.

Another candidate for the reference CSI could be the wireless channel whose environment is

shielded by the RF absorber, thus resulting in the static and independent channel. Although

these configurations may be feasible for our calibration conditions, we decided to apply the

CSI obtained through the b2b channel as reference CSI because not only it fits all criteria

stated previously, the propagation path of signal is also limited to a single path through

the cable (0-th path) and consequently simplifies the reference CSI eq. (3.12). Moreover, we

are able to practically calculate a constant phase shift due to path length d
(0)
b2b of the b2b

channel. For the sake of explanation, this b2b connection is assigned to measure the channel

corresponding to the channel coming from the 1st Tx antenna port to the 1st Rx antenna as

depicted in Fig. 3.6. The RF splitter is introduced to allow the communication possible from

the 1st Tx antenna. Suppose SM and CSD matrices are already detached. The practical

calibrated CSI in eq (3.13) can be simplified as below,
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H ′ CAL
n,m (t, fk) =

LTIV∑
j=1

α
(j),TIV
n,m (fk)

α
(0)
b2b(fk)

exp

(
−j2π

λk

[
d(j),TIV
n,m − d(0)

b2b

])

+

LTV∑
i=1

α
(i),TV
n,m (t, fk)

α
(0)
b2b(fk)

exp

(
−j2π

λk

[
d(i),TV
n,m (t)− d(0)

b2b

])
(3.14)

It is now clearly seen from the equation above that the calibration preserves CSI and removes

the phase rotation term though with a constant scaling in amplitude and phase shifting by

α
(0)
b2b(fk) and d

(0)
b2b respectively. However, these shift would not affect Doppler frequency since

it produces the constant values.

In case of SIMO configuration (M = 1), both wireless and b2b channels will have the

same SM and CSD matrices and thus automatically be canceled out together with the phase

rotation during calibration. Therefore the calibrated CSI in this configuration, H ′ CAL
n,1 (t, fk),

does not need to remove those matrices separately.

3.5 Validation of The Calibrated CSI

This section explains the details of the experimental setting and phase rotation mitigation

performance of the CSI calibration method explained in section 3.4. The capability to

capture the bistatic Doppler frequency due to the motion of the calibrated CSI described in

section 2.3 was also experimented by using short-time Fourier transform (STFT).

3.5.1 Measurement Setup

A testbed was implemented on commercial equipment. Two laptops equipped with Intel

5300 802.11n MIMO Wi-Fi NICs were used as Wi-Fi stations. Commercial Wi-Fi 6dBi-

omnidirectional antennas operating in both 2.4 GHz and 5 GHz bands were externally con-

nected to the Wi-Fi NICs through a coaxial cable with 0.77 velocity factor and U.FL-to-

SMA adapter cables. A Mini-Circuits ZFSC-2-10G 2-way RF power splitter/combiner was

applied at the first transmit antenna for dividing the signal into the b2b channel where a

40dB-attenuator was inserted at the cable connected to the first receive antenna. Fig. 3.7

shows the connection configuration and specific cable lengths. Linux 802.11n CSI tool devel-

oped by [24] was installed on both laptops that run Ubuntu version 12.04.1 to extract CSI

from Wi-Fi packets. To control transmission parameters such as transmission rate and the

number of active antennas, a Dell Latitude D530 laptop was set as the transmitter operating

in the injection mode while an Acer Travelmate 5760 laptop was the receiver operating in

the monitor mode. The distance between the first transmit antenna and the second receive

antenna was 1 meter. In all measurements, 2,500 Wi-Fi packets were sent every second over
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the 5.31 GHz frequency band (Wi-Fi channel number 62) and 40 MHz bandwidth. Due to

the CSI tool configuration, it only captures CSI with 30 subcarriers equally sampled every

four subcarriers from a total of 114 which follows the CSI grouping number 4 according to

standard [3] covering 36.25 MHz bandwidth.

For comparison, an E5071B VNA developed by Keysight Technologies (formerly known as

Agilent’s Electronic Measurement) was used as the standard for evaluating the performance

of CSI after calibrating phase rotation. The S21 between ports S1 and S2 was assigned for the

wireless channel while S31 was set to the b2b channel between ports S1 and S3. All physical

connections are the same as those in the Wi-Fi configuration except for the absence of U.FL-

to-SMA adapter cables and the use of a 20dB-attenuator as shown in Fig. 3.8. The reason

a higher attenuation was used in Wi-Fi was to avoid the saturation of the received signal

due to the vast difference of received signal strength between the b2b and wireless channels.

Instead of sending 30 subcarriers, we set the VNA to sweep and equally transmit 30-tone

frequencies over the same channel and bandwidth as Wi-Fi. A custom-made visual basic

for applications (VBA) script was implemented inside the VNA to automatically measure

the wireless channel and b2b channel every 4 ms under 70 kHz IFBW setting, the fastest

sampling time the VNA can handle given this configuration. The script configured a bus

trigger in the single mode for initiation and termination of each measurement. All channel

information captured from both instruments were later processed in MATLAB

3.5.2 Evaluation of The Calibrated CSI

The performance of our calibration method is determined based on how close the calibrated

CSI to channel measured using the VNA which represented the CSI without phase rota-

tions. Although there is virtually no phase rotation in VNA, the calibration method was

also applied on the channel measured from the VNA for a fair comparison. In this experi-

ment, measurement was conducted in the room without people (static environment) using

both instruments within a 10-s period, and was repeated three times for reproducibility

of the calibration. Fig. 3.9a clearly depicted the effect of phase rotation in polar coordi-

nate causing phase rotation similar to the b2b channel primarily tested in Fig. 3.3. After

the CSI calibration was performed, CSI phase became indistinctly more stable as shown

in Fig. 3.9b. The calibrated CSI has a similar trend to the VNA channel as depicted in

Fig. 3.9c with distinguishable 30 clusters in polar coordinates corresponding to subcarrier

frequencies separated by a comparably constant phase shift except for a few subcarriers with

a high amplitude and phase variation. It was found that the distorted subcarriers are those

located near the bandwidth boundary which have fairly smaller path gain relative to other

subcarriers. According to the CSI tool developer, this distortion is unavoidable due to a filter

function applied during channel estimation. Nevertheless, ignoring the distorted subcarriers,

standard deviation of CSI phase is acceptably low at about 1.64◦ which is reasonably higher
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Figure 3.7: Wi-Fi measurement setup for b2b calibration
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Figure 3.9: Polar plot of Wi-Fi CSI before and after calibration in comparison with channel

measured by VNA within a 10-second period.

than the variation in the calibrated channel by the VNA.

As it can be clearly observed in Fig. 3.9b that the calibrated CSI at all three measurements

produced the similar trend, only the result from the 2nd measurement was illustrated in

Fig. 3.10 to compare the performance of the calibrated CSI in a linear plot. In Fig. 3.10a,

the measured CSI phase in a black line with circle markers became unstable owing to the

phase drifting away from the channel measured by the VNA depicted as the solid line with

triangle markers. The effect of phase rotation and shift could also be explained by the

instantaneous phase rotation model introduced in Equation (3.8). Besides the similarity of

the calibrated CSI with the result by the VNA depicted as a black line with circle markers

and a magenta line with small triangle markers respectively in Fig. 3.10b, it also showed a

constant phase offset around 3 radians relative to the calibrated channel measured by the

VNA at all frequencies. After investigation, it was heuristically found that the additional

offset was constantly changed every time the receiver was initialized. Hence we suspected
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(a) Channel phase before calibration (b) Channel phase after calibration

Figure 3.10: Comparison of phase of the calibrated CSI to the calibrated channel measured

from VNA and phase sanitization method before and after calibration.

that the residual PLO would be the cause of preventing the alignment with the absolute

phase without calibrating all the channels. For the fair comparison, it is necessary to remove

the residual offset from the calibrated CSI. As the residual offset is constant, we could be

able to statistically calculate this offset by averaging the difference between the calibrated

CSI and the ones from VNA. The calibrated CSI after removing the residual offset shown

as a cyan line with circle markers in Fig. 3.10b has virtually identical to the ones by the

VNA at all frequencies with sightly small RMSE of 0.114, 0.123 and 0.116 radians which

correspond to 6.50◦, 7.04◦, 6.62◦ for three measurements respectively. By comparison with

the existing methods [27, 34, 38, 39], the result of CSI after applying the phase sanitization

approach was plotted as the red line with asterisk markers in Fig. 3.10b. The sanitized

phase obviously had a totally different phase pattern to the result measured using the VNA

because the sanitation removed the part of CSI phase together with the phase rotation.

As it seems phase rotations are almost convincingly removed except for the residual PLO,

it would be possible to compare the power delay profiles (PDP) of CSI which is simply the

magnitude squared of channel impulse response. The Hanning window was multiplied with

the channel before transformation to suppress the effect of the distorted subcarriers as well as

the side lobes. As depicted in Fig. 3.11, both PDPs of calibrated CSI and the ones from VNA

have a single-peak PDP which is due to the narrowband channel, and the similarity between

two profiles can be seen with clarity. It should be noted that the small peak in VNA is in

fact the sidelobe residual. Due to calibration, the power level of both profiles is the relative

power with respect to the power of the b2b channel. In this case, the relative power offset

between Wi-Fi and VNA is around 24 dB. As a result, this indicates the possibility of using

the calibrated CSI for motion analysis at each delay bin separately from the channel impulse
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(a) PDP of calibrated CSI (b) PDP of calibrated VNA channel

Figure 3.11: Power delay profile of calibrated CSI and calibrated VNA channel.

response. Although the LoS path (the strongest path) is only 1 meter which corresponds to

the propagation delay of around 3.3 ns, the LoS peak is located at the 30 ns in both profiles

because the propagation path in the cable (d
(0)
b2b) was not taken into account in these PDP.

3.6 Validation of The Doppler Power Spectrum Ob-

tained from The Calibrated CSI

3.6.1 Measurement Setup

In this experiment, simple hand gestures were used for motion detection analysis performed

at three marked points depicted in Fig. 3.12 while CSI was continuously estimated at the Wi-

Fi receiver for 10 s in the room without other people. Before measurement began, a person

stood facing in the +x direction and raised his hand up to the same level as the transmitter

and receiver. During the measurement, his right hand was moved horizontally towards the

+y-direction for about 60 cm. After pausing for 2 s, his hand was pulled back (−y direction)

to the original position as depicted in Fig. 3.12. These gestures were performed twice in

the single measurement. For analysis of bistatic Doppler, the time-varying channel impulse

response at the delay bin with the highest power was chosen in this scenario. This is because

both reflected path’s signal from the moving hand and the LoS path were within the same

delay bin. Therefore, by limiting our analysis to only this single delay bin, we are effectively

focusing only on the LoS path and the strong reflected path from the hand, thus the Doppler

frequency should be more easily observed. STFT explained in sec. 2.3.3 was applied to

observe the joint time-Doppler spectrum. Gaussian window with standard deviation of 32
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Figure 3.12: Experiment scenarios of hand motion detection at point A, B, and C.

ms was applied to increase the Doppler resolution and mitigated the sidelobe.

3.6.2 Result of Doppler Spectrum with The Calibrated CSI

The measurement was repeated six times at each marked point for reproducibility. Since

the results at the same point are similar, one of the measurements at positions A, B, and C

were illustrated in Fig. 3.13. It revealed the effect of motion where a stronger Doppler

power spectrum represents bistatic Doppler frequency. In all cases, bistatic Doppler has a

bell-shaped profile with a duration of around half a second on average. These gestures were

similar to a speed profile of a wrist when handwriting as [124]. The highest bistatic Doppler

frequency is about 60 Hz or roughly 1.7 m/s without factoring direction of the angles in

bistatic Doppler equations, cos θm(t) + cos θn(t), described in eq. (2.8). Although we were

not able to calculate a precise motion trajectory in this measurement, these figures can tell

the relative direction from the sign of bistatic Doppler. For instance, Doppler frequency at
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(b) Motion at position B
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(c) Motion at position C

Figure 3.13: Bistatic Doppler spectrum produced by hand gestures at three different locations

in terms of joint time-Doppler power spectrum of the calibrated CSI measurement.
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point A had the positive sign when the hand was moving towards the +y direction and a

negative sign when moving in the −y direction as shown in Fig. 3.13a because the direction

factor cos θm(t) + cos θn(t) is less than and higher than 90◦ respectively. Doppler sign was

opposite at point C as shown in Fig. 3.13b where it was negative in the +y direction and

vice versa, and this can be explained cos θm(t) + cos θn(t) with the same manner. This

effect also explained a sudden change of Doppler sign within a single gesture at point B

as shown in Fig. 3.13c from positive to negative in both +y direction and −y direction.

Moreover, at point B, the magnitude of Doppler is comparatively smaller than others because

of cos θm(t) + cos θn(t)→ 0 in this measurement.

This result could qualitatively confirm that the use of bistatic Doppler for motion analysis

can be successfully achieved with calibrated CSI. Moreover, fine-grained or micro-motion

detection can be used this calibration model as a basis for further investigation which will

be applied for motion tracking in chapter 6. Although calibrated CSI does not remove the

constant phase offsets from the residual PLO, it should not have any impact for motion

analysis because any constant value will be added to zero Doppler frequency component

during transformation. By comparison with related works, it would be difficult to produce

correctly the Doppler frequency profiles as depicted in Fig. 3.13 for the result from the

phase sanitization and the phase difference approach because they do not have the original

phase information. Using only CSI amplitude may still able to analyze motion but has

the limitation to observe the relative direction of motions from the sign of bistatic Doppler

frequency.

Moreover, the spectrum result also confirmed that the uniqueness of Doppler signatures

is not preserved when the gesture is performed at different position relative to the Tx and

Rx. For instance, the hand swiping in +y and −y direction returned the opposite sign if the

gesture is performed at point A and C as shown in Figs. 3.13a and Figs. 3.13c respectively.

Even worst, swiping directivity is virtually impossible to determine at position B since the

Doppler signatures are similar among 4 motion segments as clearly depicted in Figs. 3.13b.

Regarding the micro-Doppler effect due to the non-rigid body motion elaborately described

in section 2.3.3, it can be evidently observed in terms of the spectrum spreading in these

figures.

3.7 Summary

This chapter first described the significance of spatial mapping and cyclic shift diversity

to the additional shift of CSI phase which needs to be removed before further analysis.

Secondly, a CSI calibration method was introduced to virtually remove time-varying phase

rotation while preserving original phase information. The proposed technique uses a so-called

reference CSI, a time-invariant channel that experiences the same phase rotation as the target
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CSI. Practically, a back-to-back channel representing a wired channel in the cable between

transmit and receive antenna ports was selected as the reference CSI. Bistatic Doppler radar

model was employed to describe the effect of motion as Doppler frequency in CSI.

An experiment was conducted to validate the performance of our method by comparing

with a channel measured by a VNA. The result showed that phase rotation was mitigated

according to our propose CSI calibration model and portrayed a similar pattern but with

a higher phase variation than the channel from the VNA. Although a constant phase offset

possibly due to the residual of the PLO still existed after calibration, it should have small

significant for CSI-based motion analysis as any constant would result in zero Doppler fre-

quency. For a fair validation, we statistically removed the constant phase offset from the

calibrated CSI. Promisingly, the data produced high correlation to the result measured using

the VNA with approximately 0.117 radians RMSE phase error.

Another experiment was carried out to observe the effect of hand waving on the calibrated

CSI at three different locations. The movement profile was visualized in the time-Doppler

domain after the CSI was Fourier transformed. A bell-shaped pattern of Doppler frequency

caused by the hand gesture was observed where the sign of Doppler which indicates the

motion direction was correctly predicted according to the bistatic Doppler model. The micro-

Doppler effect during hand gesture was visibly observed in the spectrum. The thorough

analysis of micro-Doppler effect for the non-rigid body motion of hand movement will be

carried out in chapter 5. Doppler signature performed at different position also strongly

confirmed that the Doppler characteristic is location-dependent. This impact evidently shows

that Wi-Fi based hand gesture recognition will have their performance varied on the position

where gesture is being performed.

To the best of our knowledge, this CSI calibration model is the first solution to practically

obtain Wi-Fi CSI without phase offset and thus allowing full use of the Wi-Fi channel for

further in-depth CSI-based motion analysis. In fact, this calibrated model will be used as

basis for motion tracking analysis that will be covered in chapter 6



Chapter 4

Simulated Time-Variant CSI Model of

Hand Gesture

4.1 Introduction

As shown in chapter 3, the micro-Doppler effect of hand gesture does not only depend

on the movement direction of non-rigid body but also location where the gesture is per-

formed. Predicting the micro-Doppler characteristic may need a bunch of measurement data

to accurately construct the stochastic model given plenty of variables. In comparison, the

deterministic model based prediction could be more comprehensible since the physics of hand

gesture kinematic and the micro-Doppler effect have been well-established in the field of bio-

mechanic and electromagnetic scattering theory respectively. In fact, as mentioned in [51],

the deterministic approach has been widely utilized in the study of micro-Doppler effect.

In the first step to detect the hand Doppler signature for hand motion tracking with

Wi-Fi channel, the study in this chapter focuses on the development of the simulated CSI

model based on the deterministic motion of human limb. Specifically, the robot arm model

is utilized to simulate the non-rigid body motion characteristic of the human limb. In order

to generate the time-variant characteristic of CSI induced by the motion of hand gesture, the

electromagnetic (EM) scattering wave theory has been utilized. In particular, physical optics

(PO) approximation techniques [83] is chosen for the computation of scattering wave. The

modified PO based on circular mesh has been explored and validated as the practical usage in

the analysis of EM scattering wave in dynamic environment. Finally, with the incorporation

between the human limb model and the modified PO, the simulated CSI model of for hand

gesture can be computed. The overall procedure is summarized in Fig. 4.1. Last but not

least, the applicability of the simulated CSI model will be validated with the measurement

CSI in terms of micro-Doppler effect prediction.

57
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Define velocity vector

of hand movement 

Construct a non-rigid body 

motion of human limb's 

joint and skeleton

Cover the surface of 

human limb 

with point cloud

Calculate the scattering electric 

field from each point cloud

 

Compute time-variant 

component of 

CSI based on scattering field 

Human limb model construction

PO-based scattering  field prediction

Computing a simulated CSI model
 

Compute time-invariant 

component of 

CSI based on pathloss model 

Figure 4.1: Construction flowchart of the simulated CSI model with hand gesture.

4.2 Human Limb Model of Hand Gesture

The construction of human limb model consists of three procedures as shown in Fig. 4.1.

First of all, the movement characteristic of rapid hand gesture has to be defined in terms

of 3D-vector velocity profile which will be covered in section 4.2.1. Based on this motion

vector, we can easily derive a reference position at each timestamp of the entire hand move-

ment. Secondly, by utilizing the robot arm model which will be explained in section. 4.2.2

together with the knowledge of the reference position, the skeleton motion of human limb

can be computed in terms of position vectors. Finally in section. 4.2.3, the surface points

of simplified human limb are constructed at each timestamp which is represented by four

geometrical shapes. The usage of surface points will then be applied to calculate a deter-

ministic time-variant CSI component by using PO approximation which will be discussed in

section 4.4.

4.2.1 Velocity Profile of Hand Gesture

The analysis of hand movement has been widely investigated in various fields including

bio-mechanics and robotics. In general, any movement can be loosely classified into either

intention or spontaneous movement [78, 79]. Hand gesture motion is one of the former class
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since its trajectory should be intentionally predetermined. When we complete a particular

gesture, for example, the latter class of motion unintentionally takes control to move our

hand back to the natural position. This in fact could be regarded as a habitual motion

according to the literature.

Considering a simple goal-directed motion with a straight trajectory from one position

to another, the corresponding speed usually exhibits a bell-shaped profile of ballistic motion

[78, 81, 124]. This temporal speed pattern of a rapid hand movement has been firstly modeled

and verified under a controlled environment in [81]. Later on, comparative experiments have

been conducted in [124, 125] using equipped sensors. Their results have suggested that a

speed profile hand and wrist likely follow either Gaussian or Log-Gaussian function.

As clearly observed in [78, 126], the speed profile of any hand gesture can be decomposed

into a short sequence of the bell-shaped profile. Suppose each motion segment of a particular

gesture has a pattern of Gaussian, the boundary of the segment has to be defined because

Gaussian itself is an unbounded function. In this work, the Gaussian finite window is heuris-

tically identified based on the extreme speed the human hand can performed. The study

in [79] investigated the rapid arm movement in the extreme case where the healthy adults

have to quickly raise their arm to protect their head and body from the approaching object.

Through their measurement with many subjects, it was found that the peak of speed profiles

were around 3 m/s. Suppose the minimum detectable speed is 0.01 cm/s, the finite window

can be heuristically defined within ±3 times the Gaussian standard deviation. Accordingly,

the overall velocity profile at time t can be represented by,

v(t) =


vmax,u exp

−(t− (tu + 0.5Tu)
)2

2
(
Tu/6

)2

v̂ ; tu ≤ t ≤ tu + Tu

0 ; otherwise

(4.1)

where v̂, Tu and tu are given 3D unit vector of the motion followed by a period and a starting

time of u-th motion segment respectively. With the defined Gaussian speed profile, standard

deviation and mean of Gaussian function are equivalent to 0.5Tu and Tu
6

respectively. Suppose

a desired distance for u-th motion segment is given by Dseg,u, the maximum speed can be

defined as,

vmax,u =
Dseg,u

Tu
√

2π
(4.2)

This formula is derived using the integral form of Gaussian function. The velocity profile in

eq. (4.1) will be applied as the basis movement of simulated hand gesture model.
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Figure 4.2: 6R-PUMA Robot arm for human limb modelling.

4.2.2 Non-Rigid Movement of Human Limb

Due to the deformation property, a movement of human limp while performing hand gesture

is categorized as a non-rigid body motion [51]. Generally, human limb structure consists of

three joints located at wrist, elbow, and shoulder. The incorporation between these joints

then governs the position and orientation of hand, forearm, and upperarm segments. In other

word, any location on the limb surface at a given time can be easily determined once joints’

kinematic properties are acquired. Since the model is constructed in the discrete time, let

us define κ as a time index such that t = κTs where t and Ts are a continuous time and time

sampling respectively. considering a scenario of hand gesture in 3D space where a particular

vector p(·)(κ) =
[
p(·)x(κ) p(·)y(κ) p(·)z(κ)

]T
represents a position in Cartesian coordinates

where the subscript denotes either human limb segment or joint. Suppose an orientation of

hand segment and a position of shoulder psh are fixed. A predetermined trajectory can be

recursively determined as,

pw(κ+ 1) = pw(κ) + vw(κ)Ts (4.3)

where pw(κ) is a temporal position of wrist and a time difference between two consecutive

timestamps respectively. With this definition, the reference position of the non-rigid body

motion of human is the wrist position which also know as the end-effector of the robot arm.

Therefore the wrist’s velocity profile vw(κ) could be determined from eq. (4.1). In addition,
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as stated in [127], it is possible to describe a length of limb segment in terms of human

height. Suppose a particular person is Λ meter tall. His length of upperarm lup, forearm lfa,

and hand lhd can be determined as 0.186Λ, 0.146Λ, 0.108Λ respectively.

Given a fixed psh joint and the reference trajectory pw(κ), the only challenge left is how

to estimate the elbow joint peb(κ) such that the overall movement follows a physical motion

of human limb. In comparison to the limb movement, the robot arm also has a multi-joint

configuration whose model could be used to simulate the trajectory of our limb. Henceforth,

the temporal position of elbow joint could be calculated based on the inverse kinematic

problem in robotics [1]. the 6R-PUMA robot arm was selected for modeling the human limb

due to its simplicity and configuration similarity. In fact, the applicability of this robot arm

for the limb movement has been validated with the measurement in [80]

In this model, a rotation of shoulder is controlled by azimuth φsh(κ) and co-elevation

θsh(κ) angles which is equivalent to the 1st and 2nd joint in 6R-PUMA given l0 = 0 as depicted

in Fig. 4.2. The 3th joint, which can rotate vertically with the angle γeb(κ), represents

an elbow while the wrist can be regarded as the end-effector of the robot arm. Hence,

by applying the inverse kinematic solution in [1], the limb orientation parameters can be

calculated as follow,

γeb(κ) = tan−1


√

4l2upl
2
fa −

(
|pw(κ)|2 − l2up − l2fa

)2

|pw(κ)|2 − l2up − l2fa

 (4.4)

θsh(κ) =
π

2
− tan−1

 pwz(κ)√
p2

wx(κ) + p2
wy(κ)

+ tan−1

(
lfa sin γeb(κ)

lup + lfa cos γeb(κ)

)
(4.5)

φsh(κ) = tan−1

(
pwy(κ)

pwx(κ)

)
(4.6)

Consequently, the temporal position of elbow peb(κ) can be easily determined by,

peb(κ) =
[
psh(κ) + lup

]
I3

cosφsh(κ) sin θsh(κ)

sinφsh(κ) sin θsh(κ)

cos θsh(κ)

 (4.7)

where lfa, lup, and I3 represents a length of forearm, length of upperarm, and 3× 3 identity

matrix respectively. Having the temporal of joints known, the non-rigid body motion of

human limb can be simulated in terms of the skeleton movement which is similar to the

movement in Fig. 2.6a but in 3D space.
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(c) Human limb model as surface points

Figure 4.3: Construction of human limb surface model based on geometric shapes
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4.2.3 Simplified Surface-point based Human Limb Model

Although modeling a shape of human limb seems complicated at first glance, it becomes

simpler by substituting the entire structure as a composition of simple geometrical shapes.

Hence, in our model, a limb is broken down into an upperarm (ua), elbow (eb), forearm (fa),

and hand (hd) segments whose shapes are simulated using a cylinder, sphere, truncated cone,

and cuboid respectively as shown in Fig 4.3. The size of arm segments and elbow depends

on radius r1, r2, and its length lup, lfa. Likewise, lhd, w′,and w′′ parameters define the size of

hand. For simplification, surface points are distributed along the human limb surface in the

loosely-packed squared alignment.

Suppose these human limb segments are originally created at the original position de-

picted in Fig. 4.3a whose surface is covered by surface points. Cylinder, cone, sphere, and

cuboid equations are applied to construct these surface points. In this scenario, the surface

points are distributed along the surface in the loosely-packed squared alignment. In order to

assemble them into the shape of human limb as shown in Fig. 4.3b, surface points require a

transformation to orientate and translate into the aligned position. Fortunately, The correct

orientation of each segment at a timestamp t can be calculated based on the direction of

upperarm, forearm and hand segments defined accordingly in terms of unit vector,

âua(κ) =
peb(κ)− psh(κ)∥∥∥peb(κ)− psh(κ)

∥∥∥ (4.8)

âfa(κ) =
pw(κ)− peb(κ)∥∥∥pw(κ)− peb(κ)

∥∥∥ (4.9)

âhd(κ) = âfa(κ) (4.10)

Although the hand direction is presumably aligned with the forearm given this configuration,

another variable will be introduced later to relax this constraint.

Let us consider the Euler rotation matrix [1] as the tool to orientate each limb segment

into the proper arrangement. This matrix is a function of ϑx, ϑy, and ϑz which define the

principle rotation around x, y, and z axis respectively. As depicted in Fig. 4.3b, it can

be observed that ϑy, and ϑz share the same rotation direction with the co-elevation and

azimuth angle supposing ϑy ∈ [0, 180◦]. In this model, the orientation is controlled by these

two angular variables. Therefore we set ϑx to zero to avoid the complexity of the movement

model in the orientation The rotation matrix for this problem could be expressed as,

R(·)(ϑy, ϑz, κ) = Rz(·)(ϑz, t)Ry(·)(ϑy, κ)

=

cosϑz,(·)(κ) − sinϑz,(·)(κ) 0

sinϑz,(·)(κ) cosϑz,(·)(κ) 0

0 0 1


 cosϑy,(·)(κ) 0 sinϑy,(·)(κ)

0 1 0

− sinϑy,(·)(κ) 0 cosϑy,(·)(κ)

 (4.11)
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where Rz(·)(ϑz, κ) and Ry(·)(ϑy, κ) are the transformation matrix in with respect to the

rotation around z and y axis respectively. the rotation matrix in x axis is omitted in the

equation since it reduces to identity matrix given the condition that ϑx = 0. Here the

subscript (·) can be either ua, fa, and hd which represents the rotation operation for surface

points of upperarm, forearm and hand respectively. The aligned orientation can be obtained

by left-multiplies each surface point with the corresponding rotation matrix in eq. (4.11).

Note that ϑz,ua(κ) and ϑz,fa(κ) are just the azimuth angles of respective arm segments and

can be computed from the unit vectors in eqs.(4.8) - (4.10). Likewise, ϑy,ua(κ) and ϑy,fa(κ)

are determined from the the co-elevation angles of their unit vectors. In case of the hand

orientation, although its azimuth is angle set to be equivalent with the forearm ϑz,hd(κ) =

ϑz,fa(κ) to maintain the smooth alignment, the hand co-elevation angle could be computed

by ϑy,hd(κ) = ϑoffset(κ)+ϑy,fa(κ) where ϑoffset(κ) is a particular angle that rotates the vertical

orientation of the hand segment away from that of the forearm. Elbow segment does not

need the rotation matrix due to its geometrical symmetry of the sphere.

The last procedure for the human limb alignment is to translate the surface points into

their respective arrangement by offsetting these points with the reference position at each

timestamp. The surface points on upperarm and hand segment can refer to the joints psh

and phd for the translation. In a similar manner, surface points on the elbow and forearm

utilize the joint peb. Finally, the human limb in terms of surface points can be visualized as

in Fig. 4.3c.

4.3 Simulated CSI Model

Let us consider the CSI model described in eq. (2.2) consisting of time-invariant HTIV
n,m (fk) and

time-variant HTV
n,m(κ, fk) components. For simplification, the propagation path with respect

to the time-invariant component is restricted only a single component (LTIV = 1) which is

the dominated component of Line-of-Sight (LoS) path visualized as a black sinusoidal wave

in Fig. 4.4 and can be written as

HTIV
n,m (fk) =

λk
4πDLoS

exp

(
−j

2π

λk
DLoS

)
(4.12)

where DLoS =
∥∥∥pTm − pRn

∥∥∥ is the LoS propagation distance between the position of m-th

Tx antenna and n-th Rx antennas denoted as pTm and pRn respectively.

The dynamic component HTV
n,m(κ, fk), on the other hand, should contains all propagation

paths scattered from the surface points of the moving human limb model. Considering the

geometry of human limb object with respect to the position of Tx and Rx, there exists

a shadowing region on the surface whose LoS of those surface pointss are blocked. For

simplicity, these surface points depicted by a black circle in Fig. 4.4 is assumed to generate
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Figure 4.4: Scenario of the simulated CSI model with respect to the channel between pTm

Tx and pRn Rx in the presence of the human limb model.

no Doppler frequency regardless of how fast it was moving. Suppose a set Ω(κ) = {p(i)
ι (κ)|i =

1, 2, · · · , Lι(κ)} consists of Lι(κ) surface points located only in the illuminated region (non-

shadowing) at a timestamp t which are visualized as a colored dot marker in Fig. 4.4. In

other word, each p
(i)
ι (κ) exists the LoS path with respect to both Tx and Rx and is visualized

in the figure as the region where the colored sine wave can be incident to and scattered from.

This condition can be easily determined by comparing the direction between a normal vector

of surface points and the vector from those surface points to Tx and Rx. Geometrically, it

means each illuminated point should satisfy the following geometric criteria,

•
〈
p(i)
ι (κ)− pTm , n

(i)
ι (κ)

〉
< 0

•
〈
pRn − p(i)

ι (κ), n(i)
ι (κ)

〉
> 0

where n̂
(i)
ι (κ) is a normal vector of p

(i)
ι (κ) and 〈 , 〉 denotes an inner product. It should

be noted that the criteria above does not consider the shadowing between limb segments.

By utilizing the concept of line-plane intersection, one can effortlessly address this type of

shadowing especially for geometric shape. As a result, the dynamic component of CSI can
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be expressed in terms of bistatic Doppler frequency by utilizing eq. (2.2b) and eq. (2.8) as

follows,

HTV
n,m(κ, fk) =

∑
i∈Ω(κ)

αTV,(i)
n,m (κ, f) exp

(
−j

2π

λk
d

TV,(i)
bi (κ)

)
(4.13a)

d
(i)
bi (κ) = d

TV,(i)
Tm

(κ) + d
TV,(i)
Rn

(κ)

= λk

κmax∑
κ=0

f
(i)
d (κ)Ts

=
κmax∑
κ=0

v
(i)
bi (κ)

[
cos θTm(κ) + cos θRn(κ)

]
T ′κ (4.13b)

where κmax, d
(i)
Tm

(κ) =
∥∥∥p(i)

ι (κ)− pTm

∥∥∥, d
(i)
Rn

(κ) =
∥∥∥p(i)

ι (κ)− pRn

∥∥∥, α
TV,(i)
n,m (κ, fk), f

(i)
d (κ), and

v
(i)
bi (κ) are the maximum time index, the distance from i-th surface point to the m-th Tx

antenna and n-th Rx antenna respectively, followed by the Doppler profile, bistatic speed

and the time-variant complex attenuation of i-th surface point accordingly.

Regarding the time-variant complex attenuation, this term represents the propagation

loss between Tx antenna to the i-th surface point, the RF scattering loss at the surface, and

the propagation loss from the surface point back to the Rx antenna. This term physically

influences the power spectrum of Doppler frequency which will be explained in section 4.5.

Since the scattered wave can be calculated by using the solution from the electromagnetic

theory, PO approximation has been applied in this study to estimate TV-CSI [83]. In

order to incorporate our limb model consisting of surface points to the PO framework, the

small surface area that corresponds to α
TV,(i)
n,m (κ, fk) has been constructed. Here each surface

area is represented by a circular shape in order to avoid the need of surface reconstruction

algorithm. The detail solution and validation of this PO based on circular mesh will be

separately covered in section 4.4.2. Therefore, at each timestamp t and subcarrier frequency

fk, the term HTV
n,m(κ, fk) is equivalent to the total scattered electric field at the received

antenna obtained from the PO solution.

4.4 Scattering Wave on The Non-Rigid Body Motion

of Human Limb

As mentioned earlier, TV-CSI component can be deterministically computed from the EM

theory of scattering wave since it physically represents the attenuation and distortion of the

scattered signal in the wireless channel. In fact, this techniques commonly use to simulate

micro-Doppler effect of the bulky moving objects as stated in [51]. In terms of scattered

field prediction, PO technique has gained the reputation due to its lower complexities in

comparison with other numerical techniques such as finite-difference time-domain (FDTD)
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(a) triangular mesh surface (b) circular mesh surface            

Figure 4.5: Mesh surface comparison between the (a) triangular shape widely-implemented

in PO and (b) circular shape in the proposal.

and method-of-moments (MoM) [128], as well as its higher accuracy than that of geometric

optics (GO). In this section, the explanation of PO-based scattering field prediction will

be given as the tool to calculate the TV component of CSI as depicted in the flowchart of

Fig. 4.1. Specifically, the practical usage for applying PO in the movement object is firstly

explained. The modified PO framework will be investigated as an alternative and practical

method to predict the scattered field.

4.4.1 Practical Usage Issue of PO with Surface Reconstruction

Conventional PO [129, 130] in general, by decomposing a target surface into small surface

meshes, calculates the scattered field on the surface of meshes that has been illuminated by

the EM wave with respect to source at the Tx antenna and observation at the Rx antenna

[83, 131]. Typically, mesh surface is created in the triangular shape where three vertices

are represented by three adjacent points as visualized in Fig. 4.5a due to its ability to

enclose any surface given sufficient density of surface points. The popular implementation

of PO, therefore, calculates the equivalent scattered field illuminated over triangular mesh

by utilizing Ludwig integral [132, 133]. Because the inaccurate mesh geometry is also one

of the reasons that degrade the performance of PO, the way of reconstructing mesh could

not be taken lightly. Various complex surface reconstructions from non-uniformly distributed

surface points have been introduced such as crust-based algorithm [134, 135, 136], and alpha-

shaped based algorithm [137] to create triangular meshes. Considering a dynamic scenario

where surface points of the moving surface gradually change with time especially in the

presence of non-rigid body motion where the object surface could be gradually deformed,
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the surface reconstruction algorithm has to be repeatedly implemented every snapshot. Even

in a solid model where surface information is given, the surface reconstruction algorithm is

inevitably required to determine the vertices of each triangular mesh in every snapshot.

Additionally, the reconstructed surface may not be perfect depending on the reconstruction

algorithm which requires a manual examination at each snapshot.

This issue also happens in our case because the non-rigid movement of human limb grad-

ually changes the number of illuminated area with time. Therefore, surface reconstruction is

required before the computation of scattered field at each snapshot t. For the better practical

usage in computing TV-CSI with PO, an alternative method that could create an equivalent

scattered field of mesh surface directly from the surface point given the surface information

would be highly beneficial since it does not rely on the surface reconstruction algorithm .

4.4.2 Development of Circular-mesh PO for the Analysis of Mov-

ing Scatterer

The proposed modification of PO technique is to decompose the surface area of a target

object into small circular meshes. These meshes are elaborately created from a given set G
of surface points which represents the target surface and situated at the center of the circle

as shown in Fig. 4.6. The normal vector of of surface points are supposedly given which is

possible when dealing with the solid model where the surface information is provided. In the

object with a simple shape, a normal vector can be estimated from adjacent points [134, 138].

Previously, the analytical scattered field solution of a circular plate has been widely

applied to analyze and compare the scattered and diffracted fields from large circular disk

estimated from different techniques [139, 140, 141], and also to model the scattering wave

from vegetation leaves [142, 143]. However, in this modification, the solution is now applied

to estimate scattered fields for small circular mesh as part of a larger surface and thus does

not need any surface reconstruction algorithm. For the sake of explanation, surface points

with a given normal vector are supposedly arranged in a fully-packed equilateral triangle

alignment. If the normal vector is not provided, the technique in [134, 138] could be applied

to estimate the correspondence normal vector of m-th surface point which is effectively

equivalent to the vector whose direction is approximately orthogonal to all vectors between

the m-th point to its adjacent points. Regarding the notation clarification, the variables

that are involved with transmitter and receiver will be subscripted with T and R notations

exclusively for this section.

Let us firstly consider the local coordinate of g-th circular mesh with ag radius governed

by basis vectors (x̂g, ŷg, ẑg) and lied on the x̂mŷm-plane as illustrated in Fig. 4.6. For consis-

tency, a subscript g is added to denote variables that are constituted to the local coordinate

of g-th mesh. Suppose the EM wave emitted from an infinitesimally small dipole antenna
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Tx Rx

Figure 4.6: Illustration and notation of scattered field from circular plate.
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(Tx) with the electric dipole moment e0 polarized in a direction of êT. The propagation

of this wave along ŷgẑg-plane is incident on the center of the PEC circular mesh with the

direction of incident r̂i,g. Geometrically, these local basis vectors can be represented by an

incident azimuth vector φ̂i,g, a projection of r̂i,g onto the mesh surface, and mesh’s normal

vector n̂g respectively. Hence, the corresponding incident electric field can be given by

Ei
g =

λ

4πdT,g

exp

(
−j

2π

λ
dT,g

)
e0r,g (4.14)

e0r,g = (e0 · θ̂0,g)θ̂0,g (4.14a)

where θ̂0,g, dT,g, λ, and k are the unit vector of angle between r̂i,m and p0, the distance from

the source to the mesh, wavelength, and wave number respectively. From the observation

point Rx located at a distance dR,g away from the circular mesh, the far-field scattered

electric field along the scattered propagation direction r̂s,g which was derived in [83] under

the configuration in Fig. 4.6 can be expressed as

Es
g = Es

θ,gθ̂s,g + Es
φ,mφ̂s,g (4.15)

where Es
θ,g and Es

φ,g are the scattered electric field components in spherical coordinates

denoted by basis vectors (r̂s,g, θ̂s,g φ̂s,g). Since the electric field in r̂s,g is approximately

zero in far-field region, it is omitted from the above equation. These components are the

summation of scattered electric field in parallel and perpendicular polarization with respect

to the incident plane whose directions are defined by unit vectors in spherical coordinate of

the incident field −θ̂i,g and φ̂i,g respectively and thus can be defined accordingly as,

Es
θ,g = Cg

(
Dθθ,gE

i
θ,g +Dθφ,gE

i
φ,g

)
(4.16)

Es
φ,g = Cg

(
Dφθ,gE

i
θ,g +Dφφ,gE

i
φ,g

)
(4.17)

where Ei
θ,g and Ei

φ,g are the components of the incident electric field in the spherical coordi-

nates. The term Bop,g, where o and p denotes the component of the scattered and incident

fields respectively and can be either θ or φ, are introduced for brevity in the followings,

Bθθ,g = − cos θs,g sinφs,g (4.18)

Bφθ,g = − cosφs,g (4.19)

Bθφ,g = − cos θi,g cos θs,g cosφs,g (4.20)

Bφφ,g = cos θi,g sinφs,g (4.21)

where the azimuth scattered angle, co-elevation scattered and incident angles are defined as

φs,g, θs,g, and θi,g respectively. The complex constant variable Cg which also contains the

phase rotation due to the overall propagation distance can be explained by,

Cg = j
2πa2

g

λdR,g

[
J1(νg)

νg

]
exp

(
−j

2π

λ

(
dT,g + dR,g

))
(4.22)
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νg = kag

√
A2

1,g + A2
2,g (4.22a)

A1,g = sin θs,g cosφs,g (4.22b)

A2,g = sin θs,g sinφs,g − sin θi,g (4.22c)

where J1(νg) is the Bessel function of the first kind of order one.

In practical standpoint, the human limb does not have PEC properties and thus the

PEC solutions in eq. (4.18) - (4.22) cannot be appropriately used. Hence, the scattered

field solution for dielectric material is needed in our case to calculate the simulated CSI.

Fortunately, the concept of PO in dielectric material case has been discussed in [144] that the

current densities could be estimated from an incident wave in both polarizations each factored

by their Fresnel reflection coefficients. In this case, the reflection coefficient in parallel and

perpendicular polarization derived from [83] are given as Rθ,g and Rφ,g respectively. Through

mathematical manipulation, it was found that, although there is no change in Cg, terms in

eqs. (4.18) - (4.21) have to be rearranged for the calculation of scattered field in dielectric

material as follow,

B∗θθ,g =
sinφs,g

2

[
R+

θ,g cos θi,g −R−θ,g cos θs,g

]
(4.23)

B∗φθ,g =
cosφs,g

2

[
R+

θ,g cos θi,g cos θs,g −R−θ,g
]

(4.24)

B∗θφ,g =
cosφs,g

2

[
R+

φ,g −R
−
φ,g cos θi,g cos θs,g

]
(4.25)

B∗φφ,g =
sinφs,g

2

[
R−φ,g cos θi,g −R+

φ,g cos θs,g

]
(4.26)

where

R−{θ,φ},g = 1−R{θ,φ},g
R+
{θ,φ},g = 1 +R{θ,φ},g.

By substituting these analytical solutions in eqs. (4.18) - (4.26) into eqs. (4.16) - (4.17), the

total electric field of each mesh can be computed for both PEC and dielectric cases from

eq. (4.15). Hence, the electric field scattered from the surface of the target object can be

equivalently calculated by accumulating meshes’ electric field. However, the summation is

invalid unless both θ̂s,g and φ̂s,g of each mesh are derived in terms of global coordinates.

There are many way to project the g-th local coordinate to the global coordinate. One

method in particular is to utilize the matrix conversion between spherical and Cartesian

coordinate system [83]. Suppose the basis vectors of g-th local Cartesian coordinates x̂g,

ŷg, and ẑg have their components written in terms of global Cartesian coordinates (x̂, ŷ, ẑ).

Spherical unit vectors θ̂s,g and φ̂s,g of the scattered electric field Es
g can be also written in
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terms of the global Cartesian coordinates system as well by,

θ̂s,g = cos θs,g cosφs,gx̂g + cos θs,g sinφs,gŷg − sin θs,gẑg (4.27)

φ̂s,g = − sinφs,gx̂g + cosφs,gŷg (4.28)

By substituting eqs. (4.27) - (4.28) into eq. (4.15), each mesh’s electric field is now derived

in terms of global Cartesian coordinates and the total electric field of the entire surface on

the target object can be computed by,

Es =
∑
g∈G

Es
g (4.29)

Suppose the observation point is represented by an infinitesimally small dipole antenna with

a polarization pointed toward êR direction. The received electric field is then equivalent to

the amount of the electric field projected on êR.

4.4.3 Analysis of Circular Mesh Size

Since the closed-surface could not be perfectly covered by circular meshes, the proposal

inevitably introduces the prediction discrepancy onto the scattered field. Therefore, the

analysis of the mesh size which depends on its radius must be addressed to optimize this

discrepancy. the radius can be easily defined as ag = %l̃g where l̃g and % are an averaged

resolution of surface point and a size parameter of g-th mesh. Considering a fully-packed

alignment as shown in Fig. 4.6, l̃g defines an average distance between the g-th surface points

to its 6 neighbors. Given this alignment, the equivalent mesh’s shape that can fit the surface

would be a hexagon [145]. Therefore, by considering the equivalent surface area between

circle and hexagon, the optimal % can be computed as
(

3
4π2

)1/4
. Likewise, a loosely-packed

alignment [145] would have a square as the equivalent shape for example. In this case, 4

adjacent points are required to estimate l̃g and the optimal % becomes 1√
π
. These examples

showed that the optimal size of circular mesh highly depends on the alignment of the surface

point. With this regard, it should be noted that the proposed method requires the adaptive

search technique to estimate the size parameter of g-th mesh from its local density and

alignment of adjacent points when dealing with the typical point could with the highly non-

uniform distribution. Therefore, this proposal is generally suitable for the solid model with

the nearly-uniform surface point where the knowledge of surface points distribution is easily

determined.

Since the mesh size must be tiny, the Bessel argument νg may vary in the range of

relatively small value. Therefore, the Bessel function in Cg could be simplified into the lower-

order polynomial, For instance, under the assumption that the average point resolution is

around l̃m = 0.1λ and the optimal % of equilateral triangle alignment defined previously, the
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argument ν is still smaller than 1. Therefore, the Bessel function could be reduced to

J1(ν) =
∞∑
q=0

(−1)q(0.5ν)2q+1

q!(q + 1)!

'
1∑
q=0

(−1)q(0.5ν)2q+1

q!(q + 1)!
=
ν

2
− ν3

16
(4.30)

By simply limit the summation of Bessel function to only the first two terms, the error from

this approximation is still negligibly small which around 0.1% different from the true value

within the range 0 ≤ ν ≤ 1. As a result, eq. (4.22) could be simplified in terms of C ′m as,

C ′g ' −j
πkα2l2g
8λdR,g

[
8− ν2

g

]
exp

(
−j

2π

λ

(
dT,g + dR,g

))
. (4.31)

It is obvious that C ′m becomes independent over incident and scattering angles when ν2
m

approaches zero. This is similar in the case of modeling the mesh with infinitesimally small

dipole [129].

4.4.4 Validation of Circular-mesh PO

In this simulation, the scattered field on the flat and round surface of a square plate and

sphere calculated via the proposed method has been conducted respectively. The generated

surface point was arranged in the equilateral triangle configuration as shown in Fig. 4.6. The

averaged point resolution was varied in the proposed method for validation. The center of

test objects was positioned at the origin with the orientation of the square plate parallel to

the x̂ŷ-plane as shown in Fig. 4.7. Tx and Rx were located 1, 000λ away from the center of

test objects which is supposedly in a far-field region relative to their mesh sizes. Rx position

was varied along ŷẑ-plane to observe the scattered power in the angular domain. Other

relevant simulation parameters were summarized in Table 4.1.

Table 4.1: Circular mesh based PO simulation parameters

Parameters Values

|e0| 4π/λ

Center frequency 5 GHz

Averaged point resolution λ, λ/2, λ/10, λ/25

Size of square plate 20λ× 20λ

Radius of sphere 10λ

Dielectric constant (rubber) [83] 3

Tx azimuth (φTx) and co-elevation (θTx) φTx = 270◦, θTx = 45◦

Tx, Rx antenna polarization êTx = êRx = [1 0 0]



74 CHAPTER 4. SIMULATED TIME-VARIANT CSI MODEL OF HAND GESTURE

Rx Tx

spherical object
square plate

Figure 4.7: Simulation scenario.

The goal of this experiment is to investigate the acceptable averaged resolution that could

asymptotically predict the scattered field by using the PO with circular mesh in terms of

the electric field power at a different scattering angle. The fine-grained surface point density

( λ
50

resolution) of widely-implemented PO with triangular mesh [131] was selected as the

reference. The relative error, defined as the discrepancy from the reference normalized by

the maximum power of the reference, was introduced to clarify the effect of mesh resolution

to the prediction accuracy. In Fig. 4.8, it can be observed that the proposed method with

l̃m = λ poorly predicted the scattered field from the square plate in both materials. Although

the finer resolution down to λ
10

significantly reduced the discrepancy, the differences could still

be seen when θs approaches 90◦ in the −ŷ region. Since these resolutions were not sufficiently

fined, it could not keep up with faster phase rotation, especially at the plate square border.

This discrepancy clearly mitigated when the resolution became λ
25

. This improvement was

comparatively visualized in Fig. 4.10 as the relative error gradually reduced around 5-10 dB

when increasing the surface point density.

In the curvature surface of the spherical object depicted in Fig. 4.9, the agreement between

the result from the proposed method and reference was observed in all angles even when the

averaged resolution was λ
10

. Its relative error depicted in Fig. 4.10 also confirmed that the

error level was almost identical to those with λ
25

resolution. This is because the scattered

power from the sphere did not suffer from the perimeter shifting and offset on the x̂ŷ-plane

caused by circular meshes. Moreover, the specular reflection can be observed for all Rx

angles in the case of the sphere. Thus, faster phase rotation at higher Fresnel zones did not

have a significant impact resulting in the acceptable prediction at λ
10

resolution.

This result has validated the applicability of circular mesh PO for the prediction of

scattered power without the need for any surface reconstruction algorithm. However, the
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axis axis

axis axis

Figure 4.8: Comparison of scattered power from the square plate using the nearly-uniform

circular mesh at different mesh resolution.

axis axis

axis axis

Figure 4.9: Comparison of scattered power from the spherical object using the nearly-uniform

circular mesh at different mesh resolution.
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Figure 4.10: Performance of the proposed technique in terms of error normalized by the peak

of reference scattered power.

surface point resolution should be fit to the applicable range which is relatively smaller than

0.1λ to apply the proposed technique in the actual case.

4.4.5 Construction of Time-Variant Component of CSI with The

Circular Mesh PO

Having the performance verified in section 4.4.4, the modified PO framework with circular

mesh can be applied for the prediction of the time-variant component of CSI. Considering

the subcarrier frequency of Wi-Fi CSI, incident electric field is proportional to the amount of

Tx signal propagated through the wireless channel at fk subcarrier frequency. Likewise, the

scattered electric field is also related to the Rx signal projected on the Rx antenna which is

assumed to be an infinitesimal dipole antenna for simplification. Hence, the complex time-

variant wireless channel defined in eq. (2.2b) which corresponds to the propagation between

m-th Tx to the n-th Rx through the scattering from the human limb model at snapshot t

and subcarrier frequency fk could be computed in a similar manner as eq. (2.1) by,

H ′,TV
n,m (κ, fk) =

1

I0|e0|
∑
i∈Ω(κ)

Es
i (κ, fk) · ên

' HTV
n,m(κ, fk) (4.32)
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Table 4.2: Human limb and CSI model parameters

Parameters Values

Motion segment period Ti 1.2 s

Human height Λ 180 cm

Arm r1 and wrist r2 radius 7, 3.5 cm

Hand width w′hd and height w′′hd 9, 18 cm

Hand elevated angle ϑz,hd(κ) 30◦

Average pι(κ) resolution 5 mm

Number of pι(κ) (one snapshot) 7,067 - 7,115

Number of snapshot 10.000

Snapshot sampling frequency 2,500 Hz

Center frequency 5.31 GHz

where I0 and ên are the constant current on an infinitesimal dipole Tx antenna and the

polarization of n-th Rx antenna respectively. The scattered electric field Es
i (κ, fk) of the

i-th surface points are referred to those addressed in section 4.4.2. Here subscript (n,m) is

omitted from the electric field for brevity. Finally, the simulated CSI model is estimated by

substituting the dynamic component in eq. (4.32) and the static component in eq. (4.12) to

the CSI model in eq. (2.2).

Given the human limb with the surface points, we can simulate the the distribution of

micro-Doppler frequency for each i-th surface point by utilizing the bistatic radar model as

stated in eq. (2.8). Suppose the transmission whose parameters of RF signal propagation

and the size of human limb model is summarized in Table. 4.2. Assuming a simple motion of

hand gesture swiping in horizontal and vertical direction respectively as depicted in Fig. 4.11,

it can be observed from the figure that surface points located near shoulder produced smaller

Doppler shift, indicated by gray and yellow, than those near the hand segment which are

colored in red which denotes the direction of hand moving away from the bistatic baseline.

This characteristic of micro-Doppler signature is reflected, after accumulated at receiver, as

the broadening of the Doppler power spectrum which will be further discussed in sec. 4.5.

With the simulated CSI model, we are also able to investigate the spatial distribution of

the path gain in addition to the Doppler frequency from each surface points on the human

limb that are the main two factors that influences the joint time-Doppler power spectrum

as mentioned in [94]. The simulation has been conducted under the same configuration

with those in Fig. 4.11 given the simulation parameter denoted in Table 4.2. The complex

dielectric constant of the human skin defined in [146] was applied in the dielectric scattered

power prediction from the human limb. Since the the generated surface points is distributed

in the nearly square alignment, circular plate size parameter % was set to 1√
π

according to the

equi-surface between square and circle as discussed in section 4.4.3. As depicted in Fig. 4.12,
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Figure 4.11: Micro-Doppler frequency corresponding to the movement of each surface point

on limb surface assuming 5.31-GHz RF signal is transmitted from pTm and observed at pRn .

Figure 4.12: Distribution of complex attenuation scattered from each human limb surface

point in terms of path gain given 5.31-GHz RF signal propagation between pTm and pRn .
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the spatial distribution of the TV-CSI complex attenuation were plotted in term of path

gain
∥∥∥∑i∈LTV

αTV
i (κ, fk)

∥∥∥2

to visualize the the contribution of each i-th surface circular area

to the overall TV-CSI. As expected, the stronger path gain is not necessary coming from a

certain part of human limb but rather depending on the incident and scattered angle relative

to Tx and Rx position which, in this case, could be described by eqs. (4.18) - (4.26). In

the Doppler spectrum, this will translate to the variation of peak level at their respective

Doppler frequency induced by each part of the human limb as depicted in Fig. 4.11.

4.5 Micro-Doppler Effect Produced by Simulated CSI

We will further investigate the micro-Doppler effect produced by the movement of human

limb through the spectral analysis of the short-time Fourier transform (STFT). As mention in

section 2.3.3, this transformation could decompose multiple components of Doppler frequency

induced from different parts in terms of the power spectrum density. The limitation of

STFT spectrum that could strongly influence the observable spectrum in the context of

time-Doppler frequency uncertainty will be addressed. Finally, we then compare the micro-

Doppler effect produced by the simulated CSI with those from the measurement campaign.

4.5.1 Doppler Power Spectrum of Hand Gesture and Uncertainty

Trade-Off

Since the Doppler term is located at the phase of CSI, the simple way to obtain the in-

stantaneous Doppler profile is by taking the first derivative to the phase term of CSI at

each timestamp. One of famous method is through the usage of Hilbert transform (HBT)

[89]. However, as stated in section 2.3.3, HBT method works when there is only a single

component of Doppler frequency which is not the case for the motion of human limb. This

is because, as clearly seen from eq. (4.13) and the simulation in Fig. 4.11, Doppler frequency

in the phase term of TV-CSI at a certain time is a combination of various Doppler frequency

components continuously spread over the limb surface. Hence, STFT with Gaussian window

g(κ) [93, 94], one of well-known joint time-frequency analysis, is applied to decompose these

micro-Doppler components within a short-time window. Hence, Doppler-variant transfer

function [50],

Bn,m(δ, fd, fk) =
∞∑

κ=−∞

ĤTV
n,m(κ, fk)g(κ−Rδ) exp (−j2πfdκTs) (4.33)

where δ, R, and ĤTV
n,m(κ, fk) are the short-time index and the hop size between consecutive

STFT, and the estimated TV-CSI terms obtained from eq. (2.2) by,

ĤTV
n,m(κ, fk) = Hn,m(κ, fk)− ĤTIV

n,m (δ, fk) (4.34)
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Figure 4.13: Magnitude of high-pass Gaussian filter 20 log |H (fd)| at different standard

deviation (σt).

Since this static component can be assumed as a constant within a short period of time,

ĤTIV
n,m (δ, fk) can be estimated by the weighted moving average,

ĤTIV
n,m (δ, fk) =

∞∑
κ=−∞

Hn,m(κ, fk)g(κ−Rδ)

∞∑
κ=−∞

g(κ−Rδ)
(4.35)

This weighted average can be regarded as the special case of the low-pass Gaussian filter

with frequency response L (fd) [147]. Therefore, eq. (4.34) can be rewritten in terms of

Hn,m(δ, fk) filtered by the high-pass Gaussian filter whose frequency response can be easily

determined by H (fd) = 1−L (fd). By observing the characteristic of high-pass filter gain

depicted in Fig. 4.13, it is obvious that a range of distorted Doppler frequency shift get

shorten when the standard deviation (σt) of Gaussian window increases. Suppose the gain

higher than 3dB is considered the passband region of this high pass filter, the cutoff Doppler

frequency can be computed based on the result in Fig. 4.13 as fd,cutoff = 1
4σt

. It should be

noted that Bn,m(δ, fd, fk) unfortunately suffers from the high pass filter at the lower Doppler

frequency shift.

Doppler spectral density from eq. (4.33) can be computed by the following procedure

according to [50],

PB(δ, fd) =
∑
τ∈T

∣∣∣∣∣∣
K∑
k=1

B(δ, fd, fk) exp (j2πfk∆fτ)

∣∣∣∣∣∣
2

(4.36)
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Figure 4.14: Time-Doppler frequency uncertainty area.

where τ , T , and F are a propagation delay bin, a set of propagation delay within the excess

delay of the TV propagation paths, and a set of subcarier frequency respectively. Here the

areas with relatively higher power correspond to various components of Doppler frequency

induced by the movement of each surface point on the limb. According to the closed-form

solution of STFT with Gaussian window provided in [94], the Doppler power is proportional

to the complex attenuation of TV-CSI in eq. (4.13) whose distribution was visualized in

Fig. 4.12.

Beside the influence of attenuation from each surface surface points, this broadening

of Doppler spectrum is also governed by time-frequency uncertainty trade-off [93, 94]. In

general, this uncertainty stated that we can accurately localize each Doppler frequency com-

ponent but with the lost of time resolution since the the longer duration is needed to resolve

Doppler frequency information. Likewise, the time-series signal could be perfectly localized

with a larger information in Doppler spectrum thus reducing the Doppler resolution accord-

ingly. Therefore, STFT could localize both time and Doppler frequency information but

with a lower resolution. Similar to Heisenberg’s uncertainty in Quantum physics, the resolu-

tion trade-off in STFT restricts to the fact that the signal information is observable within

the rectangular uncertainty area depicted in Fig. 4.14 which is equivalent to the product

of time and Doppler variance. According to the Gabor limit [93], the optimal trade-off is

reached by applying the Gaussian window to the STFT. Hence the uncertainty trade-off can
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be expressed mathematically as,

σtσfd ≥
1

4π
(4.37)

where σfd is the standard deviation of the corresponding Gaussian in Doppler frequency

domain. To visualize this effect, let us consider the STFT of human limb with the same

course of motion as shown in Fig. 4.11. For comparison, two STFT spectrum with different

uncertainty trade-off were illustrated in Fig. 4.15. Although both figures can manifest the

micro-Doppler effect from the hand and arm segments which are depicted as the the larger

and multiple stripes on the spectrum, they both additionally suffer from the resolution trade-

off. Specifically at around 1 s in the spectrum, wider spread in the Doppler domain is visibly

observed in Fig. 4.15a as the variation reaches -52 Hz whereas the peak at the same time in

Fig. 4.15b has relatively less spread of around -42 Hz. Vice versa, The former spectrum has a

better temporal resolution where the shorter spread resulting in the first motion observably

completed before 1.5 s while the latter experience a longer duration.

The thoroughly understanding the effect of uncertainty trade-off is beneficial to decide a

short-time period δ for the analysis of the Doppler spectrum.

4.5.2 Comparison of Doppler Power Spectrum Produced between

Simulated CSI and Measurement

The applicability of our simulated CSI will be investigated with the result from the mea-

surement campaign. The hardware configuration to obtain Wi-Fi CSI is the same as in the

measurement setup of section. 3.5.1. In general, the 1× 2 MIMO configuration between two

laptops was employed where the novel b2b calibration proposed in chapter 3 has been imple-

mented to mitigate the undesired phase rotation. Injection and monitor mode were enabled

to control transmission parameters such as transmission rate and the number of active an-

tennas. The location of Tx and Rx antennas as well as the hand gesture’s performer location

were adjusted according to the simulation scenario depicted in Fig. 4.12. two segments of

hand swiping in 60-cm horizontal and vertical direction were performed accordingly which is

similar to the simulation condition. For a fair comparison with the simulated CSI case, the

subject was asked to complete each motion segment within 1.2 s duration and paused with

the same duration before begin the motion segment. Three measurement were conducted for

reproducibility. In all measurements, 2,500 Wi-Fi packets were sent every second over the

5.31 GHz frequency band with 40 MHz bandwidth OFDM signal. 30 number of subcarrier

frequency was measured according to the limitation of CSI tool [35]. STFT Doppler spec-

trum were calculated based on eq. (4.36). CSI was additionally captured in the absence of

hand gesture as the reference to calculate the spectrum noise floor.

Depicted in Fig. 4.16 were the Doppler spectrum calculated from the simulated CSI and

the measured CSI with the b2b calibration. Standard deviation of Gaussian window was
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Figure 4.15: Short-time spectral density PB(δ, fd) and f
(k)
d (κ) distribution of hand swiping

in horizontal and vertical direction.

arbitrarily set to 32 ms. Based on the recorded CSI in the static environment, the overall

average of power spectrum is regarded as the noise floor since there is no Doppler frequency

even at 0 Hz as the TIV component was already removed before applying STFT using

eq. (4.35). Therefore, the noise floor in the Doppler spectrum was estimated to be around

-28 dB whereas the noiseless condition was assumed for the simulation. To limit the analyzed

Doppler frequency within the motion area, Lower bound and upper bound of propagation

delays are determined based on the location of the hand gesture performer as τmin = 0 s and

τmax = 82.76 ns respectively.

In comparison, it was found that the overall characteristic of micro-Doppler effect com-

puted from the simulated CSI showed a certain agreement with all three measurements.

The bell-shape Doppler profile was also produced in a similar fashion as the selected speed

profile mentioned in section 4.2.1. At around 0.5 − 1 s, both simulation and measurement

results exhibits the smaller power Doppler which was spread out in the negative Doppler
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Figure 4.16: Comparison of the Doppler spectrum between the simulated and measured CSI
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plane. On the other hand, the relative higher power was observed at 1 − 1.5 s in all cases

due to the influence of the complex attenuation [20, 84]. In the vertical motion, Doppler

frequency shift was comparatively smaller due to the orthogonal direction of motion to the

bistatic radar baseline according to eq. (2.8). Although simulated Doppler spectrum also

successfully generated a similar micro-Doppler pattern, the measurement exhibited a fairly

larger Doppler shift within ±20 Hz in comparison with the ±15 Hz spread in the simulated

Doppler. This is possibly due to the inaccuracy of the non-rigid motion of robot arm that

underdetermined the speed distribution along the human limb in the vertical direction. To

simulate the noisy Doppler power spectrum, the simulated result with 40 dB SNR was ad-

ditionally compared in Fig. 4.16c. The result could balance the simulated spectrum shape

closer to the measurement in terms of the noise level.

Regarding the level of Doppler power, the result from the measurement had a shorter

dynamic range of around 30 dB in comparison with the simulated Doppler of 50 dB. Since

the measured CSI was normalized by internal reference of Wi-Fi chip [35], the temporal

fluctuation in CSI may as well normalize which affected the dynamic range of the Doppler

power spectrum. Although the further detailed examination is needed to clarify this effect,

it may not introduce a strong impact on the motion tracking because the spectrum shapes

are the most important factor for extracting the hand Doppler profile that will be discussed

in chapter 5.

This experiment has confirmed the usability of the simulated CSI model to determinis-

tically reproduce the micro-Doppler effect due to the motion of hand gestures in terms of

joint time-Doppler spectrum.

4.6 Summary

To investigate the micro-Doppler effect during hand gesture, this chapter sought the solution

through the deterministic hand movement and the EM scattering characteristic or RF signal

that interacts with the moving object. It is widely known that hand gesture involves not

only the hand movement but the entire human limb. Therefore, the kinematic model of 6R-

PUMA robot arm was utilized to simulate the non-rigid body motion of human limb due to

its simplicity and similarity to the physical motion of human limb. In general, the skeleton

motion controlled by three joints of limb: shoulder, elbow, and wrist, were estimated using

the robot inverse kinematic problem. The skeleton were then covered with surface points

distributed over the human limb surface. For simplicity, surface of hand, forearm, elbow,

and upperarm are represented by four geometric shapes of cuboid, truncated cone, sphere,

and cylinder respectively. The usage of surface surface points is to compute the time variant

component of CSI via PO approximation tool.

Motivated by the practical issue of surface reconstruction in the applying the PO in the
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dynamic scenario of human limb motion, the modified PO based on circular mesh have been

introduced. The validation of the proposed PO was compared with the widely-implemented

PO with triangular mesh. The simulation result confirmed the usage of circular mesh PO

in both flat and curvature surface given the mesh resolution around the 10th and 25th of

the wavelength respectively. The uneven border increased the discrepancy for the circular

mesh PO when the backscattered direction is nearly parallel. In other angles, the 10th of the

wavelength is still acceptable.

By computing the scattered field from the moving human limb, the time-variant CSI can

be calculated as the scattered field normalized by the magnitude of the EM wave emitted from

the Tx antenna. With the simulated CSI, we are able to investigate the spatial distribution

of micro-Doppler frequency and the path gain which are the main two influential parameters

to the spectral characteristic of the joint-time time-Doppler power spectrum. It was found

that the dominated path gain is not always corresponding to only hand segment nor other

arm segments. In fact, the characteristic depends on the incident and scattered angles with

respect to Tx and Rx position according to the EM scattering theory. Lastly, the usability of

the simulated model has been comparatively confirmed with the measured CSI. STFT was

introduced as the joint time-Doppler analysis tool together with addressing the drawback

in the context of uncertainty trade-off. The experiment result has shown the ability of the

simulated CSI to reproduce the micro-Doppler effect due to the movement of hand gesture

similar to those produced from the measured CSI.

The detail analysis on the hand Doppler signature will be addressed in chapter 5 in

order to develop the extraction method of the hand-only Doppler signature. As the moving

features, The hand signature will be a vital part for the development of hand trajectory

tracking that will be discussed in chapter 6.



Chapter 5

Temporal Profile Extraction of Hand

Doppler Signature

5.1 Introduction

From the simulated CSI described in chapter 4, it opens up the possibility to investigate the

contribution of each small surface area on human limb to the overall CSI at each timestamp

while performing the hand gesture. Since the objective of this thesis is to track the hand

motion during gesture performing, Doppler frequency signature induced exclusively for hand

segment is straightforwardly important for the hand tracking problem which will be discussed

in the next chapter. To fulfill this goal, the characteristic of hand Doppler signature will be

examined based on the distribution of path gain and Doppler frequency produced by time-

variant CSI component in section 5.2. Specifically, the time progression of hand Doppler

frequency and its corresponding path gain will be compared with those from the arm segment

which is treated as the interference.

Based on the findings on this investigation, the criteria for the profile extraction of hand

Doppler signature will be established in section 5.3. The proposed could detect the likely

hand component out of the Power Doppler spectrum separately for each short-time window

considering the Doppler spread due to micro-Doppler effect and the uncertainty trade-off.

Finally, the simulation will be conducted in section 5.4 to validate the performance of the

proposed profile extraction technique in terms of discrepancy between the extracted profile

and the reference provided directly from the human limb model. Since the extracted hand

Doppler profile will be directly applied for hand gesture tracking in chapter 6 which requires

multi-static radar system to derive the trajectory, the validation will be conducted under the

Wi-Fi multiple-input-multiple-output (MIMO) configuration.

87
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Figure 5.1: Temporal characteristic of Doppler signature and path gain co responding to

hand and arm segment of human limb model.

5.2 Characteristic of Hand Doppler Signature During

Hand Gesture

To estimate the Doppler profile component induced from the hand segment which will be

used for tracking a hand trajectory, the first step is to investigate how the micro-Doppler

effect influences the spectral shape of the Doppler power spectrum. In general, as mentioned

in [94], the Doppler power level is proportional to the magnitude of complex attenuation with

respect to each part on the human limb surface. In each short-time window, the radial speed

of each surface point shifts the Doppler power to situate at their corresponding Doppler

frequency. Regardless of position on the human limb surface, the small surface areas that

exhibit similar Doppler shift will have their Doppler power superimposed in the spectrum.

This is in fact the result of the Fourier-based signal decomposition in the STFT explained
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mathematically eq. (4.36).

To ease our analysis on the hand Doppler frequency component, the time-variant compo-

nent of CSI from eq. (4.32) is re-introduced in terms of the combination between the dynamic

channels corresponding to the scattered wave from the hand and arm surfaces,

H ′,TV
n,m (κ, fk) = H ′,TV,hd

n,m (κ, fk) +H ′,TV,arm
n,m (κ, fk)

' 1

I0|p0|

 ∑
ihd∈Ωhd(κ)

Es
ihd

(κ, fk) · ên +
∑

iarm∈Ωarm(κ)

Es
ihd

(κ, fk) · ên

 (5.1)

where I0, e0, ên are the constant current magnitude and electric dipole moment of infinitesi-

mal small Tx dipole antenna, followed by the polarization direction of the infinitesimal small

Rx dipole antenna respectively. Ωhd(κ) and Ωarm(κ) are the set of surface points on hand

and arm surfaces respectively. Both sets are the subset of Ω(κ) which is the set of the entire

surface points on the human limb model at each timestamp. With this definition, we can

compute the Doppler profile induced from hand and arm segments denoted as f
(ihd)
d,hd (κ) and

f
(iarm)
d,arm (κ) respectively by utilizing eq. (4.13b). Here subscript (n,m) is omitted from the

electric field and Doppler frequency for brevity. Likewise, the total path gain scattered from

hand and arm segment can be easily computed by
∥∥∥H ′,TV,hd

n,m (κ, fk)
∥∥∥2

and
∥∥∥H ′,TV,arm

n,m (κ, fk)
∥∥∥2

respectively.

Let us consider the STFT Doppler power of the simulated hand gesture depicted in

Fig. 4.16a. With the notation in eq. (5.1), we are able to analyze the time-varying hand-

only Doppler signature and its path gain. Both variables are then illustrated in Fig. 5.1 in

comparison with those induced by the rest of arm segment. Regarding the Doppler signature

shown in Fig. 5.1a, all Doppler frequency induced by hand surface points, f
(ihd)
d (κ), are varied

within the red region whereas those from arm surface points which are considered as the

interference situated along the green region. From the area spanned by these two regions,

it is discovered that the hand segment induces a larger magnitude of Doppler frequency

shift than the arm segment most of the time due to faster acceleration the hand exerted.

The temporal change of path gain in the time-variance of CSI can be visibly observed in

Fig. 5.1b. Although the path gain caused by hand segment seems to dominate those from

the arm segment, this characteristic depends on the orientation of human limb relative to

both transmitter and receiver position. That is the reason the lower path gain of the hand

segment can be seen during the periods of 0.7 − 0.9 s and 2.3 − 2.5 s. Consequently, it

is challenging to pin point the micro-Doppler signature from the path gain alone without

the knowledge of angular information. The revelation of micro-Doppler effect characteristic

will be considered as the basic assumption for the development of the method to extract

hand-only Doppler signature which will be addressed in the next section.

In addition, the time-varying path gain characteristic has also clearly confirmed the
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change of STFT spectrum shape depicted in Fig.4.16a. Especially, the rapid increase of

path gain of around 35 dB during 1 − 1.5 s as shown in Fig. 5.1b due to the scattered and

incident angles of human limb clearly influenced the Doppler spectrum at the same period.

Within 1 − 1.2 s, the stronger Doppler is concentrated in the higher Doppler shift of the

hand because the arm segment path gain is still considerably weaker. This investigation also

addresses the usefulness of our simulated CSI to the deep analysis of micro-Doppler effect.

5.3 The Proposed Hand Doppler Profile Extraction

Technique Based on Peak Detection Approach

According to the findings from the analysis in previous section, it could be suggested that

the hand Doppler component should be likely positioned at or near the farthest peak in the

spectrum with respect to the faster speed of the hand segment. Since the dominant Doppler

power is not always coming from the hand movement but rather depending on the incident

and scattered and angles, the Doppler power may not be a reliable feature unless the angular

information of human limb is given. Considering the time-Doppler frequency uncertainty, the

width of each spectrum peak may possibly contain multiple Doppler components from either

or both hand and arm segments whose Doppler frequencies are indistinguishable within the

time-Doppler uncertainty area. This prevents us to deterministically extract a representation

of the hand Doppler component from the spectrum.

Therefore, the heuristic approach is chosen for the proposed estimation technique of hand

Doppler signature. In a nutshell, the Doppler frequency induced from the hand surface is

defined as the expectation value of the Doppler spectrum over the region that likely contains

the hand Doppler component. Let us define this region as the hand Doppler window Sδ.
The temporal profile of hand Doppler could be computed by,

f̂d(δ) =

∑
fd∈Sδ

fdPB(δ, fd)∑
fd∈Sδ

PB(δ, fd)
(5.2)

It is obvious that the criteria to determine Sδ may differ at each short-time period due to the

variety of the spectral shapes. Through the heuristic investigation, we are able to break down

into four scenarios where the criteria to select Sδ region are developed separately depending

on the spectral shape. To ease the explanation, the flowchart of the proposed technique is

summarized in Fig. 5.2. Specifically, we divides the spectrum shape into single and multiple

peaks spectrum. The detail explanation of the selected region selection are narrated in the

followings.
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1. Single-peak Doppler spectrum.

• Scenario 1: One peak region

Although the non-rigid body movement would have usually produced multiple

spectrum peaks, it is possible to have only a single peak on the spectrum. This

scenario happens when there clearly exists the dominant component with a dis-

tinct high power surrounded by other components at nearby Doppler frequency

shift with comparatively weaker power. For instance, the path gain and Doppler

distribution at 1.6− 1.7 s in Fig. 5.1 also describes this case with the dominant

component belongs to the scattered power from the hand surface. If the Doppler

uncertainty σfd is larger, these weaker components were then merged to the dom-

inant component as clearly seen in the spectrum of Fig. 4.16a at the same period.

The peak spectrum shape is consequently wider than σfd as depicted in Fig. 5.3a

whose area ranging from 5 to 40 Hz.

Suppose the dominant peak depicted as the green cross marker in Fig. 5.3a is

located at fd = ρ
(1)
δ Hz on the spectrum whose power is greater than noise the

noise floor depicted as the black line in the figure. In this case, the region on the

spectrum between two nearest valley points from ρ
(1)
δ represented by the magenta

line is regarded as the selected region Sδ. As clearly depicted in the figure, the

portion on the spectrum that lower than noise floor is excluded in the selected

region.

2. Multiple-peaks Doppler spectrum.

This is a typical spectrum shape in the presence of micro-Doppler effect. Without

the influence of the dominant Doppler component, it visibly exists the spectrum with

multiple peaks. Each peak width again likely contain a set of Doppler components

whose Doppler frequency is smaller than the uncertainty resolution.

Suppose it exists Nρ peaks on the spectrum with the power stronger than the noise

floor. The corresponding Doppler frequency to these peaks can be denoted in an

descending order as ρ
(1)
δ > ρ

(2)
δ > ... > ρ

(Nρ)
δ . Hence, similar to the single peak case, the

regions over the noise level that span between two nearest valley points of these peaks

are defined as as S(q)
δ where q = 1, 2, ..., Nρ. With respect to the distribution of ρ

(q)
δ ,

the selection criteria of the region that most-likely contains hand Doppler component

can be broken down into three scenarios as visualized in Fig. 5.3b-5.3d under multiple

peak spectral shapes.

• Scenario 2: Multi-peak regions with the same sign of ρ
(q)
δ

As illustrated in Fig. 5.3b, multiple peaks are situated in the same (negative)
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Figure 5.2: Hand Doppler profile extraction flowchart.
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Doppler plane. In comparison, it is obvious that the farthest peak denoted as

the green marker contains the component with the higher radial speed relative

to transmitter and receiver. According to our assumption, hand Doppler profile

should be within this peak region. Hence the selected region denoted as magenta

line should be S(Nρ)
δ where Nρ = 2. Otherwise, S(1)

δ region will be chosen when

all ρ
(q)
δ are positive.

Here the selected region is marked in the magenta in Fig. 5.3b bounded between

two nearest local valley whose spectrum is higher than noise floor. It should be

noted in the figure that it exists another peak in opposite plane. This peak sup-

posedly belongs to the peak in the consecutive short-time window whose Doppler

power got attenuated by the Gaussian window.

• Scenario 3: Multi-peak regions with the different sign of |ρ(q)
δ | ≥ σfd

In this scenario, we have multiple peaks distributed in both planes of Doppler

spectrum. Therefore, it exist two peaks candidate that contributes to the fastest

speed moving toward and away from the bistatic Doppler baseline as explained in

section 2.3. Without additional information, it becomes a challenging task to de-

termine determinisitically which components contains the desired hand Doppler

component. As a result, additional assumption is introduced to solve the ambi-

guity.

Let us define ρ
(1)
δ and ρ

(Nρ)
δ as the two candidate peaks located farthest in positive

and negative Doppler plane respectively. Suppose a majority of limb movement

within a short-time window induced the same sign of Doppler frequency. To

realize this assumption, the region where Doppler component of hand is likely

located can be decided based on a sign of total weighted average over the entire

spectrum µδ. In other word, this assumption also refers that the minority of

the movement in the opposite direction corresponds to a partial part of the arm

segment considering the non-rigid body motion. As shown in Fig. 5.3c, ρ
(1)
δ

is discarded and thus the selected peak goes to ρ
(Nρ)
δ where Nρ = 3 since the

majority of movement is away from the baseline which supposedly including the

hand segment as well and so does µδ < 0. In a contrast, the selected region

becomes S(1)
δ when a sign of µδ becomes positive.

Sδ =

{
S(1)
δ ;µδ > 0

S(Nρ)
δ ;µδ < 0

Again, the selected region denoted as magenta line on the spectrum can be de-

termined with the similar condition as the previous scenario.
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• Scenario 4: Multi-peak regions with the different sign of |ρ(q)
δ | ≤ σfd

This is the special case yet difficult to estimate the hand Doppler component. In

this scenario, most of Doppler components caused by hand and arm are relatively

small and indistinguishable from the spectrum due to coherency. Usually, it exists

only two peaks in spectrum at maximum in this case whose Doppler frequency

shift is within in uncertain limit.

Depicted in Fig 5.3d is one of examples in the scenario. This usually happens

when the motion direction is nearly perpendicular to the direction from the mov-

ing object to the bistatic baseline. The simulation and measurement results in

Fig. 4.16 and Fig. 3.13b also shows a similar spectrum shape. Without addition-

ally information, therefore, the only choice to estimate the hand Doppler profile

in this special case is to include regions associated with all peaks. Although

this criteria may not always capture the hand Doppler component, the Doppler

spread is comparatively small which may result in the smaller estimation error.

Defining Sδ from the above spectrum-variant criteria at each short-time window, the

hand Doppler profile can be statistically estimated using eq. (5.2). This temporal profile

is supposed to approximately represent the speed of the entire hand although the actual

Doppler frequency produced from each point on the surface of our hand consists of various

magnitude as clearly seen from the simulation result in Fig. 5.1a. With respect to Doppler

and spatial uncertainty, the reference Doppler frequency profile of hand motion f ref
d,hd(δ)

depicted as solid line in Fig. 5.1a is established for the validation of the proposed extraction

method which will be validated in sec. 5.4. For brevity, the subscript (n,m) is omitted from

the reference Doppler frequency. The assumption behind the reference hand Doppler profile

is based on the crude statistical average within the range of hand Doppler frequency derived

from the set of surface points on the surface of hand which can be computed by,

f ref
d,hd(δ) =

1

2

[
max

ihd∈Ωhd(κ)
f

(ihd)
d,hd (δ) + min

ihd∈Ωhd(κ)
f

(ihd)
d,hd (δ)

]
(5.3)

The reliability of the reference profile has been heuristically tested to produce a fine-grained

hand trajectory.
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Figure 5.3: Criteria to select the peak region in eq. (5.2) with respect to 4 different shapes

of Doppler spectrum given 5-Hz σfd .

5.4 Simulation

The accuracy of the estimated hand Doppler profile extracted from the spectrum will be

first validated. The performance of hand trajectory estimation both simulated and measured

result will be evaluated and discussed in terms of relative trajectory error. The effect of the

estimated initial position on the tracing performance will be also analyzed.

5.4.1 Experiment Scenario

The experiment was conducted in a simulation environment using MATLAB. Two types of

hand gestures; squared shape and M shape depicted in Fig. 5.4b, were selected for evaluation

of hand trajectory tracking in straight and diagonal directions with respect to yz-plane. The



96 CHAPTER 5. TEMPORAL PROFILE EXTRACTION OF HAND DOPPLER SIGNATURE

(a) Simulation scenario

50 cm

50 cm 50 cm

25 cm 25 cm

1st segment 1
st
 s

eg
m

en
t

4
th
 s

eg
m

en
t

4
th
 s

eg
m

en
t

2
n
d
 s

eg
m

en
t

3rd segment

3 rd
 segm

ent 2
nd
 s

eg
m

en
t

initial position

square gesture M-shape gesture

z

y

motion direction

(b) Two shapes of gestures

Figure 5.4: Simulation setup of the moving human limb with 3 Tx and 2 Rx antennas.
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Table 5.1: CSI model parameters

Parameters Values

Number of snapshot 17,500

Snapshot sampling frequency 2,500 Hz

Center frequency 5.31 GHz

Bandwidth 40 MHz

Number of subcarrier frequency 30

AWGN Noise power 50 dB below CSI power

Lower bound of propagation delay τmin 0 s

Upper bound of propagation delay τmax 82.76 ns

simulation scenario depicted in Fig. 5.4a indicated a geometry of hand gestures together with

the position of 3 transmitters and 2 receivers. The model in eq. (4.1) was applied to construct

the speed profile of hand gesture. Each motion segment has the same movement period and

the arbitrary halt period of 0.26 ms was added in between for segment separation. With

parameters of the human limb model denoted in Table 4.2 and the Gaussian function based

speed profile explained in section 4.2.1, the simulated limb model proposed in section 4.2 was

constructed which then be used to simulate the time-variant CSI model that was discussed

in section 4.3. Center frequency, bandwidth, and a number of subcarrier frequency of CSI

listed in Table 5.1 were referred from the measurement campaign in section 3.5.2. The TV-

CSI component was constructed using circular-mesh PO explained in section 4.4.2 with the

dielectric constant of human limb provided in [146]. The Doppler spectrum was obtained

from simulated CSI using STFT. The Gaussian window function with σt set to 33 ms.

5.4.2 Validation of Doppler Profile Estimation

The estimation technique in section 5.3 was applied to extract the hand-only Doppler profile

from the Doppler spectrum. For determining the region of the selected peak, the noise power

threshold was estimated as the highest noise power during a rest period. The validation of

the proposed method was comparatively conducted with the reference hand Doppler profile

defined using eq. (5.3). The simulation result depicted in Fig. 5.5a and Fig. 5.5b shown the

similarity between estimated profiles and the reference in both gestures. In these figures,

a moving average (MA) filter with 3-points windows was applied to smooth the estimated

result. A small discrepancy with a few Hertz was observed at the 1st and 3rd motion segments

for a square shape and 2nd and 3rd motion segments for M shape. However, our proposed

estimation poorly performed with a larger magnitude of more than 5 Hz for the rest of

segments.

The reason why the higher error happened locally at certain motion segments can be
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(a) Square-shape Doppler profiles with σfd = 5 Hz

(b) M-shape Doppler profiles with σfd = 5 Hz

Figure 5.5: Comparison of six profiles of estimated Doppler with 5-point MA filter and the

reference profiles for square and M-shape gesture

explained with the main two factors in the following. First, it is clearly seen that the segment

with higher discrepancy occurs at the segment where a change of Doppler profile is small.

According to the time-frequency resolution trade-off with this setup, a subtle Doppler change

that is smaller than temporal-Doppler uncertainty is theoretically difficult for analysis and

thus resulting in a less reliable estimation. Another factor is due to the shape of the spectrum

itself which can be explained by observing the sample of the Doppler spectrum in Fig. 4.15.

Around 2 s in the spectrum, a small Doppler shift generally has a power spectrum spread

in both negative and position Doppler plane. It is quite challenging to determine which

plane on the spectrum corresponding to the hand Doppler. The estimation would wrongly
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Figure 5.6: Comparison of the estimated Doppler profile at different MA window size and

Doppler resolutions in terms of CDF of absolute Doppler error.
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in CSI-based motion tracking.

predict if the farthest peaks on a spectrum in both planes are relatively similar. Although

the proposed criteria are based on weighted average as shown in Fig. 5.3d, it again can

provide inaccurate prediction as long as the scattering power on the arm surface is stronger

than hand. Therefore, it could be stated that the adjustment of transmitter and receiver

positions plays a crucial role in the analysis of motion tracking. With a proper setup, one

can mitigate the small Doppler frequency shift scenario and therefore improve the quality of

the estimated Doppler profile.

Regarding the effect of MA filter and the Doppler resolution σfd to the estimated Doppler

profiles, an evaluation was depicted in Fig. 5.6 the CDF function of absolute Doppler error

representing the overall discrepancy of all six estimated Doppler profiles to the reference.

Although performance does not show a significant difference at the median level of 1 Hz

error, MA began to gradually take effect at 90th percentile with around 1 and 1.5 Hz less

Doppler error with respect to 3 and 5 points MA window size respectively in both shapes. It

should be addressed that there was less improvement to the estimated Doppler profile with

the MA window larger than 5 points MA window. In the case of σfd , a 3-Hz resolution has a

slightly less error of around 0.5 Hz in M-shape while a similar gap can be seen in the square

gesture. Hence, it does not show a concrete tendency at which Doppler resolution is better.

As a result, it could be assessed that the proposed profile estimation technique could extract
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Figure 5.8: Sample of the estimated Doppler profile between pT2 and pR2 in comparison with

other extraction method and the corresponding path gain distribution.

the hand Doppler profile with the error of less than 5 Hz in most of the case. Nevertheless,

the estimation performance could be worsened when the motion produces a smaller Doppler

frequency shift.

Lastly, the performance of the proposed Doppler profile extraction was comparatively

evaluated with other two techniques used in the CSI-based motion tracking. In the typical

Time-Doppler power spectrum analysis as well as the application in human tracking [55, 54],

they usually estimate the strongest in the spectrum as the target features. Mathematically,

the target Doppler profile at each short-time window δ in this method can be calculated

from

f̂max
d,(n,m)(δ) = arg max

fd
PB,(n,m)(δ, fd) (5.4)
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Another extraction method was applied to track 2D hand gesture trajectory in horizontal

plane [58]. In this work, they utilize the path length change derived from Doppler frequency

to iteratively trace the 2D hand gesture. Conceptually, they did not utilize the time-Doppler

spectrum analysis but rather the phase derivative which is similar to the Hilbert transform

(HBT) based analysis described in section 2.3 to estimate the principle Doppler component.

Since this method is based on derivative, the extracted Doppler profile does not requires the

short-time period. Therefore, the instantaneous Doppler profile can be computed directly

from the time-variant component of CSI as

f̂dev
d,(n,m)(κ) =

1

2π

d

dt
∠HTV

n,m(κ, fk) (5.5)

Since the instantaneous Doppler estimation obvious suffers from the multi-component Doppler,

data pre-processing technique such as low-pass filter and averaging TV-CSI component along

subcarrier was introduced. The estimation result depicted in Fig. 5.7 was evaluated in terms

of absolute Doppler error. Overall, our method depicted as blue line distinctly outper-

formed the estimated profile based on the strongest peak, f̂max
d (δ), depicted as red line. The

derivative-based estimated depicted as yellow line in the figure, on the other hand, also con-

tributed to the significantly large error up to 34 Hz. The reason of their significantly large

error could be described by investigating the sample Doppler profile between 2nd Tx and

2nd Rx as depicted in Fig. 5.8a together with the path gain distribution in Fig. 5.8b. As

clearly seen within 0.6 − 1.2 s period of the 1st motion segment, these two methods failed

to estimate the temporal profile of hand gesture when the dominant path gain does not

correspond to the hand segment. Since these methods did not consider the micro-Doppler

effect, it straightforwardly could not handle such scenario. Our method, in contrast, is more

robust to handle this effect thus minimizing the estimated Doppler error.

5.5 Summary

With the establishment of simulated CSI and the human limb model, The effect of micro-

Doppler effect on the movement of hand gesture was investigated. The characteristic of

STFT-based Doppler power spectrum in the presence of micro-Doppler was analyzed by

comparing with the Doppler and path gain distribution. Here the Doppler signature of

only-hand movement is considered the target whereas those induced by arm segments are

regarded as the interference. The study was concluded that the Doppler of hand motion is

likely located at the farthest peak on the Doppler power spectrum due to the faster speed

hand segment produced. Since The Doppler power level is highly depended on the incident

and scattered angle, the stronger power can correspond to either hand or arm Doppler

components.
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Based on the findings on the micro-Doppler characteristic from the model, A novel tech-

nique for extracting the temporal profile of a hand-only Doppler signature from the spectrum

has been developed. Due to the uncertainty trade-off between time and Doppler, the deter-

ministic approach cannot be applied. Therefore, the statistical-based estimation technique

was introduced by utilizing the peak detection method.

The experiment was conducted to validate the performance of Doppler profile extraction.

It was revealed that the error from the extracted Doppler profile was fairly small with

less than 4-Hz offset at 90th percentile of CDF. However, the discrepancy could go up to

10 Hz when the movement direction was approaching the orthogonality with the relative

direction from hand to transmitter and receiver accordingly. In comparison with other

profile estimation technique, the performance of our proposed has relatively smaller error

while others could introduce the higher error in the magnitude of 30 Hz. This is because

those techniques have not taken account the effect of micro-Doppler. As a result, the ability

to extract Doppler profile depends on the the position of gesture performer relative to the

transmitter and receiver.

This extracted Doppler profile will then be applied to reconstruct the hand trajectory

whose detail explanation is covered in chapter 6.





Chapter 6

Utilizing Doppler Frequency for Hand

Motion Trajectory Tracking

6.1 Introduction

Motion trajectory tracking is the core feature of radar application. Since Wi-Fi based motion

sensing is considered the special case of OFDM radar as mentioned in chapter 2, hand motion

trajectory tracking should be theoretically possible. In general, motion tracking in radar

is commonly done by tracing temporal position of the target at each short-time period.

However, this approach cannot be realized in our Wi-Fi based system because the range

information is unreliable with the narrowband CSI. Therefore, the practical Wi-Fi based

tracking system can only relies on the Doppler information.

with the presence of micro-Doppler effect induced by the non-rigid body motion of hu-

man limb, The proposed Doppler signature extraction technique was proposed in chapter 5

to statistically detach the temporal profile of hand Doppler component from the joint time-

Doppler frequency power spectrum. This target profile contains information of temporal

speed in a direction relative to the position of transmitter and receiver as detailed in chap-

ter 2. In order to perceive the motion characteristic, we must be able to accurately draw out

the velocity information embedded in this Doppler profile.

In this chapter, the well-established bistatic Doppler radar model is utilized for the tra-

jectory estimation of the hand gesture. Since Doppler frequency only provides the movement

information in radial direction, multiple transmitter (Tx) receiver (Rx) antennas were em-

ployed in the system to reconstruct the 3D trajectory of the hand gesture. The trajectory

framework will be firstly detailed in section 6.2.1. To validate this tracking performance, the

simulation will be conducted in section 6.3 by utilizing the simulated CSI and the human

limb model explained in chapter 4. To confirm the motion tracking applicability, we further

conducted the experiment using the CSI captured from commodity Wi-Fi devices installed

on two laptops. Before applying the measured CSI to the tracking framework, CSI data is

105
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pre-processed with the proposed calibration technique explained in chapter 3 to filter out

the undesired phase rotation thus improving the quality of measured Doppler frequency.

6.2 Trajectory Estimation

In this tracking framework, the trajectory is recursively estimated using a set of Doppler fre-

quency information collected from a pairs of M Tx antennas and N Rx antennas. Unavoid-

ably, the iterative process accumulate the estimation error. To handle this issue, Kalman

filter (KF) [148] is applied to mitigate the cumulative noise from the trajectory estimation

model. Since the initial condition is required to imitate the dynamic model based trajec-

tory tracking, the justification of initial value estimation will be additionally discussed in

section 6.2.3.

6.2.1 Trajectory Estimation Method Based on Multi-static Doppler

Radar

Since the hand trajectory is estimated based on the Doppler information, the output tem-

poral position and velocity are both corresponding to the temporal profile of hand Doppler

signature. As mention in chapter 5, this profile does not physically represent any particular

point on the surface of the moving hand. Instead, the extracted Doppler frequency profile

is validated to be statistically similar of those produced from the hand surface. Therefore,

the trajectory estimation with this extracted profile could supposedly represent the hand

motion.

Suppose the temporal position and velocity of the tracking target (hand) within a short-

time period δ are represented by the following 3D vectors,

vhd(δ) =

v̂hd,x(δ)

v̂hd,y(δ)

v̂hd,z(δ)

 , phd(δ) =

p̂hd,x(δ)

p̂hd,y(δ)

p̂hd,z(δ)

 (6.1)

where the additional subscript x, y, and z represents the vector components in Cartesian

coordinates system. With the representation in eq. (6.1), the bistatic radar Doppler described

in eq. (2.8) can be re-written in terms of Cartesian coordinates vector in the following with

respect to a pair of m-th Tx and n-th Rx antennas,

fd,(n,m)(δ) =
1

λ

[
pTm − phd(δ)

dTm(δ)
+
pRn − phd(δ)

dRn(δ)

]T
vhd(δ)

= uTn,m(δ)v(δ) (6.2)

where dTm(δ) and dRn(δ) denotes the temporal distance from the hand to the m-th Tx and

n-th Rx antennas respectively. For brevity, un,m(δ) vector is additionally introduced which
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represents the relative direction between the motion direction and the direction from hand

position to Tx and Rx. This vector can be expressed by,

un,m(δ) =
1

λ

[
pTm − phd(δ)

dTm(δ)
+
pRn − phd(δ)

dRn(δ)

]
(6.3)

It should be noted that only one Doppler profile is not sufficient to resolve three components

of vhd(δ) through the linear equation in eq. (6.2). The simplest way to resolve such under-

determined linear system is to increase number of observation. Having multiple M Tx and

N received antennas placed at different positions, we then have NM set of Doppler profiles

fdn,m(δ) as well as the relative direction un,m(δ) vectors. These variables and vectors can be

stacked up as the Doppler vector and the relative direction matrix respectively,

fd(δ) =



f̂d,(1,1)(δ)

f̂d,(2,1)(δ)
...

f̂d,(N,1)(δ)
...

f̂d,(N,M)(δ)


, U(δ) =



uT1,1(δ)

uT2,1(δ)
...

uTN,1(δ)
...

uTN,M(δ)


(6.4)

Due to the matrix properties, we can directly substitute fd(δ) and U(δ) into eq. (6.2) for the

generalization of multi-static radar system as depicted in Fig. 6.1. Suppose the number of

observable Doppler profile NM is larger than three, the multi-static Doppler radar becomes

the overdetermined system. Therefore, the hand velocity can be estimated from the least

square (LS) approach as,

vhd(δ) = U†(δ)fd(δ) (6.5)

where [·]† represents Moore-Penrose pseudoinverse operation. However, the least square

solution in eq. (6.5) assumes a given U(δ) which is unfortunately impractical since it consists

of the unknown temporal position phd(δ). Therefore, a simple approach for a prediction of

hand trajectory, a path at which the temporal position vector is moving toward, can be done

recursively by using kinematic equation,

phd(δ + ∆δ) = phd(δ) + vhd(δ)∆δ (6.6)

where ∆δ = RTs is a time difference between two consecutive short-time window. Likewise,

the predicted trajectory phd(δ+∆δ) is substitute into U(δ) to recursively estimate v(δ+∆δ).

Depending on the quality of Doppler profile f̂dn,m(δ) estimated from eq. (5.2) and the initial

position phd(0), the trajectory performance may suffer from the error accumulated from this

recursive process which could be mitigated by applying KF to the system. The formulation

of KF in the trajectory framework will be explained in the next section.
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2nd transmitter 2nd receiver
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velocity vector

relative position vector

target moving object

Figure 6.1: Multi-static Doppler radar for hand gesture trajectory tracking.

Issue with The Widely-Separated Antenna to The Trajectory Estimation

As clearly seen in eq. (6.5), the rank of U(δ) should be greater than three for the veloc-

ity estimation in 3D space. It means that, if two pair of antennas are nearby such that

‖pm+1 − pm‖ → 0 and ‖pn+1 − pn‖ → 0, the matrix U(δ) will have rank reduces by 1 since

un,m(δ) ' un+1,m+1(δ) and therefore the measured Doppler profile will exhibit similar fre-

quency shift such that fd,n,m(δ) ' fd,n+1,m+1(δ). Let us consider the multi-static Doppler

radar with three Txs and Rxs in Fig. 6.1. Suppose the the hand position phd(δ) is posi-

tioned quite far from radar sensors, each pair of either two Tx or Rx is perceived as the

same position which resulting in losing spatial incoherency between these pair of Doppler

frequency.

This explanation obviously states that each Tx and Rx should be widely separated relative

to the distance from the hand position in order to increase the incoherency between Doppler

measurement. In fact, the widely-separated Doppler radar has been studied and summarized

in [86]. Although MIMO antennas of single Wi-Fi station are typically a few centimeters

apart, the widely-spaced antenna for hand tracking could be implemented for the practical

use of Wi-Fi system by considering each Tx and Rx as an independent Wi-Fi station. For

instance, five Wi-Fi stations with MIMO antennas are utilized for hand motion tracking in
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Fig. 6.1. It should be noted from eq. (6.2) that the slower movement would result in the

similar Doppler profiles regardless of which transmitter and receiver it belongs to since they

are all factored by speed or the magnitude of
∥∥vhd(δ)

∥∥. Therefore, higher trajectory error is

expected in terms of direction error. However, this impact is miniature since the trajectory

progression within a short-time δ is tiny owing to the slower speed.

Let us consider Doppler frequency produced by a pair of pT1 and pR1 and in Fig. 6.1.

When the object moves downward with respect to the figure’s orientation, it visibly produces

the negative Doppler frequency with a certain frequency shift. If we flip the moving object

horizontally such that it swaps to the left of the same pair of antenna, the same Doppler

frequency shift will be produced with the same motion. This explains the ambiguity in

the Doppler measurement since it represents only 1D movement characteristic. Although

supplying multiple antennas could resolve the velocity component, the ambiguity still persist

if all antennas are arranged only in certain direction. For example, if all antennas are aligned

vertically, the system cannot tell whether the object is located on the left or right side relative

to antennas. Henceforth, It can be assessed that the tracking system would fail to estimate

the trajectory in a certain axis if there is no antenna placed separately along that axis’s

direction. In conclusion, not only the trajectory estimation requires the widely separation

between antenna, they should be distributed along three main axes as well in case of 3D

trajectory tracking.

Effect of Tracking Error to The Overall Trajectory

Since the trajectory is govern by the temporal velocity, there should exist two types of

impact to the trajectory: orientation and scaling offset. Considering the extreme case where

each estimated Doppler profile were offset from the reference with the same quality ∆fd,

the LS solution of eq. (6.5) should also experience only the scaling offset ∆vhd such that the

movement path is either shorter or longer than the original motion. This impact, despite alter

the size, could still preserve the overall shape. In practical, the offset is likely different among

a pair of antennas such that ∆f ′d,(n,m). This should unfortunately affects both orientation

and scaling offset together.

6.2.2 Minimizing Trajectory Error with Kalman Filter

Regarding the dynamic model in previous section, velocity vector and temporal position in

eq. (6.5) and eq. (6.6) could be treated as measurement and predicted variables respectively.

Hence, it is possible to formulate this problem into the KF framework [148] where the state

vector x(δ) and measurement vector z(δ) are defined as

x(δ) =

[
p̃hd(δ)

ṽhd(δ)

]
, z(δ) = vhd(δ) (6.7)
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Parameters with tilde symbol represents the state estimate variables. From above vectors,

the state and measurement model of KF can be written respectively in the following dynamic

model,

x(δ + 1) = Ax(δ) + ε(δ) (6.8)

z(δ) = Cx(δ) + y(δ) (6.9)

Assuming the constant velocity within a short-time period ∆δ, the state matrix A can be

modelled in this problem based on the kinematic equation with zero acceleration. Since

only velocity vector is observable, the measurement matrix can be simply constructed in the

way that neglects the position vector from z(δ). With this conditions both matrices can be

defined as,

A =

[
I3 ∆δI3

03 I3

]
, C =

[
03 I3

]
(6.10)

where 03 is a 3×3 zero matrix. the zero-mean Gaussian noise is assumed for both process and

measurement noise in Kalman filter and are denoted by vectors ε(δ) and y(δ) respectively.

The corresponding variance of process and measurement noise are defined accordingly as σ2
ε

and σ2
y.

Suppose this kinematic model is perturbed by the variation of velocity caused by different

pace of movement on the hand surface within a short-time period, the noise covariance

matrices corresponding to ε(δ) and y(δ) can be defined accordingly by,

E = σ2
ε

[
(∆δ)2I3 ∆δI3

∆δI3 I3

]
, Y = σ2

yI3 (6.11)

By observing the measurement and predicted values in eq. (6.7), KF sequentially estimates

position and velocity in x(δ) using Kalman gain [148] which is in turn computed based on

covariance matrices in eq. (6.11). Since KF state model described in eq. (6.8) assumes zero

acceleration, the σ2
ε could be related to the velocity uncertainty due to an actual non-zero

acceleration. This is possible in the case of a wider short-time window such that the constant

speed assumption is not valid given the rapid movement of hand gesture. This effect has been

explained mathematically in [46]. In contrast, σ2
y is clearly proportional to the estimated

Doppler profile where the velocity is estimated from LS of eq. (6.5).

Since KF is a recursive estimation process, the initialization value of state vector x(0) is

necessarily needed. Any motion should start from rest so it is straightforward to set ṽhd(0)

with a null vector. In contrast, it is quite a challenging task for defining the initial position

p̃hd(0) since the range information is not reliable for the position estimation. This issue will

be discussed in the next section.
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6.2.3 Initial Position Estimation Based on Least Square residual

Having Only Doppler profile information, it is virtually difficult to obtain a precise absolute

initial position. Generally, localization of any position requires either fine-grained angular or

delay information estimated from array antenna or with a wideband signal respectively [50].

High accuracy and precision of these variables are not easy to obtain with the restriction of

the narrowband Wi-Fi signal captured by the off-the-shelf Wi-Fi devices such as laptops and

access points. As a consequence, resolving this issue with only Doppler frequency requires

additional constraints and assumptions.

Since the trajectory estimation is the concern of this study, it can be argued that any

arbitrary initial position is acceptable as long as the hand trajectory is correctly estimated.

Although the trajectory is a temporal sequence of position as mentioned previously, velocity

itself which is proportional to the Doppler profile dictates the direction of motion. In other

words, the estimated velocity in eq. (6.5) that yields the smallest residual during the entire

motion given arbitrary initial position could implicitly represent the existence of an overall

trajectory. Hence, this condition can be expressed in terms of optimization problem as,

arg min
phd(0)

∑
δ∈L

εLS(δ) (6.12a)

subject to εLS(δ) =
∥∥∥fd(δ)−U(δ)vhd(δ)

∥∥∥ , (6.12b)

plower ≤ phd(0) ≤ pupper (6.12c)

where L, ε(δ), pa, and pb are a set of short-time window within a single gesture motion, the

least square residual at each windowed snapshot, the lower and upper search boundaries of

initial position respectively.

To incorporate this optimization to the trajectory estimation framework, a set of initial

position candidates is randomly generated within the range defined in eq. (6.12c). By sub-

jecting them to the KF model described in section. 6.2.2 in parallel, the same set of candidate

trajectories can be recursively estimated up to κδ snapshots. The only initial position that

satisfies the optimization problem denoted in eq. (6.12a) is supposed to produce the similar

trajectory to those of the original hand gesture.

6.3 Validation of Trajectory Estimation in Simulation

In this simulation, the scenario and configuration are the same as those conducted in sec-

tion 5.4.1. In general, the human limb model described in chapter 4 were constructed based

on the configuration summarized in Table 4.2 to perform the square and M-shape hand ges-

tures. Listed in Table 5.1 is the CSI parameters used in this simulation which was based

on the measured CSI obtained from the CSI extraction tool [35]. Regarding the validation
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in the section 5.4.2, six estimated Doppler profiles depicted in Fig. 5.5 were chosen for esti-

mating the trajectory of square and M-shape hand gestures. By applying these profiles on

to the trajectory framework and KF explained in section. 6.2, both gesture trajectories were

recursively reconstructed. The standard deviation of the velocity process, σε, and measure-

ment noise, σy, were then heuristically set to 0.1 and 1 m/s respectively. As the baseline,

the trajectory reference was estimated by applying the reference Doppler profiles in eq. (5.3)

to the same trajectory framework. KF was not applied during trajectory reconstruction in

this case since the reference Doppler is supposed to be error-free.

Regarding the performance evaluation, the term trajectory error was used to describe

the discrepancy of the estimated trajectory to the reference path. As mentioned earlier

that a path of motion was governed by velocity, we defined two trajectory error quantities

based on the motion velocity. Temporal magnitude error denoted as verror(δ) measures the

speed offset at each snapshot. On the other hand, temporal direction error represented by

ψv,error(δ) defines the direction in which the estimated trajectory was being offset from the

reference trajectory. Here both variables of trajectory error could be expressed as

verror(δ) =
∥∥∥vhd(δ)

∥∥∥−∥∥∥vref
hd (δ)

∥∥∥ (6.13)

ψv,error(δ) = cos−1 vThd(δ)vref
hd (δ)∥∥vhd(δ)

∥∥∥∥vref
hd (δ)

∥∥ (6.14)

Here the positive sign of magnitude error means the speed is overestimated resulting in the

longer distance offset and vice versa for the negative sign. The direction error ranges from no

direction offset at 0◦ to the maximum of 180◦ where the estimated trajectory is completely

opposite with the reference.

In the fist validation, the initial position was supposedly known in order to mitigate the

impact of trajectory error due to the initial position estimation. The initial position of wrist

pw(0) was given since it was defined as the reference movement of the entire human as stated

in section 4.2. In Fig. 6.2, the result of trajectory estimation for both gestures depicted as

yellow line was comparatively visualized with the reference trajectory plotted with blue line.

In order to investigate the effect of KF to the overall trajectory, Another trajectory depicted

in red line was estimated without applying KF model. The ordering of motion segment in

each gesture was denoted in Fig. 5.4b. In general, the vertical motion (±z direction) of

the square gesture correspond to the 2nd and 4nd segments whereas the horizontal motion

(±y direction) is for 1nd and 3rd segments. In case of M-shape gesture, the vertical motion

belongs to 1nd and 3rd segments while the diagonal motion are 2nd and 4nd segments.

Despite the imperfection of estimated Doppler profiles, reconstructed hand trajectories

were able to preserve the overall square and M gestures even without applying KF model

as shown in the orange solid line of Fig. 6.2a and Fig. 6.2b respectively. In the case of the

estimated trajectory without KF model, both vertical movements of the square gesture seem

to experience larger distortion than the horizontal path resulting in a longer height. This
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(a) Square gesture (b) M gesture

Figure 6.2: Comparison of trajectory estimation result with and without KF using estimated

Doppler profiles with 5 point MA window and 5-Hz σfd

is a consequence of the larger absolute Doppler error localized in these motion segments

as explained in section. 5.4.2. It also clearly reflects on the trajectory error depicted in

Fig. 6.3a as the higher magnitude error frequently appeared on the vertical motion segments

which could go up to 0.6 m/s. As the magnitude error is positive most of the time, the

cumulative summation which is proportional to the distance clearly contributes to the longer

movement offset. On the other hand, the horizontal motion has relatively smaller error on

average which cumulatively resulted in the less trajectory distortion. By observing the

characteristic of trajectory error in Fig. 6.3c, the same magnitude error also manifests in the

vertical movement of the M-shape gestures resulting in the comparatively larger distance

offset in the 1st and 4th motion segments. The diagonal motion, however, has the magnitude

error fluctuated between positive and negative plane and therefore contribute to the lesser

magnitude offset.

In terms of direction error, a distinct pattern of larger offset with more than 90◦ was seen

through all segments of both gestures at the position near the beginning and end of each

motion segment. This was likely caused by the inaccuracy of the estimated Doppler profile

when the magnitude of the Doppler frequency shift was fairly small in the realm of uncer-

tainty. Although a tremendous offset in direction would have sabotaged the tracking result,

this effect to the overall trajectory was miniature because the distance the estimated trajec-

tory has progressed within this periods was insignificantly short owning to a tiny magnitude

offset. Therefore, it should be assessed that the orientation offset is mainly contributed to a

moderate direction error at the center of motion segments which were varied between 5 and

40 degrees.
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Let us move the attention to the the estimated trajectory after applying KF. One could

immediately find out the promising improvement on the estimated trajectory as depicted in

a solid yellow line on Fig. 6.2a and Fig. 6.2b for both hand gestures. The distance offset in

the vertical motion significantly shrunk down from those without KF in the square gesture.

However, this effect contributed to the horizontal motion where distance was shorter than

the reference path. In a good side, this also slightly reduced the orientation offset between

the junction of the first and second motion segment as the example. The similar effect

visibly showed in the M-shape gesture especially the shortening of the vertical movement.

The overall orientation offset significantly improved from those without KF as can be seen

from the better alignment of yellow line to the reference trajectory in comparison with those

without KF.

In terms of trajectory error depicted in Fig. 6.3b and Fig. 6.3d for square and M-shape

gesture respectively, it is clearly seen that the directional error has been drastically subju-

gated and smoothed especially in the M-shape gesture where the direction mismatch was

fairly stable within 10-20 degrees in most of the time. Although a huge direction offset at

both sides of the motion segment could still be observed, the corresponding magnitude offset

has been vastly mitigated particularly at this period thus minimizing trajectory distortion

further. The sinusoidal-like pattern of magnitude depicted in Fig. 6.3b and Fig. 6.3d is the

result of KF recursively mitigating the cumulative noise. In contrast, the pattern of those

without KF causes a monotonically increase in the cumulative summation of magnitude error

resulting in a larger scale distortion as the time progress.

To clearly see the importance of the extracted Doppler profile to the overall trajectory,

we also evaluated the trajectory tracking performance to those applied other Doppler es-

timation methods described in section 5.4.2. The strongest power-based Doppler profile

extracted using eq. (5.4) generally applies to tracking human walking in indoor using the

similar multi-static radar model [55]. Therefore, these profiles were then subjected to our

tracking framework for trajectory comparison. The derivative-based Doppler extraction used

in [58], on the other hand, does not support the hand tracking in vertical direction unless

the antennas are situated in the same vertical plane. Nevertheless, the tracking technique

is conceptually similar such that they recursively estimate the next position using Doppler

frequency in terms of path length change. Our tracking framework again traced the motion

based on the derivative-based profiles. The result in Fig. 6.4 confirmed that the inaccuracy

of Doppler profile significantly reduced the trajectory quality for the strongest-based and

derivative-based where the absolute Doppler error could go up to 30 Hz as mentioned in

section. 5.4.2. Their gestures experienced higher distortion in the horizontal movement in

comparison with the vertical one as clearly depicted in case of square gesture of Fig. 6.4a.

With respect to the position of transmitter and receiver in this setup, the Doppler spec-

trum in horizontal motion suffers greatly from micro-Doppler effect in terms of spreading
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Figure 6.3: Performance of trajectory estimation of Fig. 6.2 in terms of magnitude and angle

trajectory error
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(a) Square gesture (b) M gesture

Figure 6.4: Trajectory comparison between the Doppler profile from the proposed method

with other methods in CSI-based motion tracking.

as evidently shown in Fig. 5.1a. Since the dominant Doppler component was not always

corresponding to the hand segment, these two methods which aims to capture the principle

components failed to cope with the spreading spectrum. The vertical motion, however, has a

small variance in Doppler shift since the radial speed was comparatively small for the entire

human limb movement. Therefore, it resulted in the less distortion owing to lesser Doppler

error in these segments. The same explanation also valid for M-shape gesture depicted in

Fig. 6.4b. The beginning of gesture started significantly in the diagonal direction since the

spectrum spread was larger than the vertical movement. This findings confirmed the ro-

bustness of our extracted Doppler technique to the micro-Doppler effect given the trajectory

framework described in section. 6.2.1.

6.3.1 Effect of Initial Position to The Estimated Hand Trajectory

At this point, the trajectory estimation was computed under the assumption that the initial

hand position was given. However, the initial state is typically unknown in practical sce-

nario. Therefore, the optimization problem denoted in section. 6.2.3 was applied to estimate

the initial position based on the cumulative LS residual. this optimization solution should

implicitly represent the construable hand trajectory given estimated Doppler profiles. The

search boundary could be easily determined through the analysis of the joint delay-Doppler

spectrum [46] among 6 streams of CSI in this simulation. Although the position uncer-

tainty could span a few meters in a magnitude due to a coarse-grained delay resolution in

the narrowband signal, it was sufficient to determine the search region. Given the 8-meter
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   estimated 

initial position

    reference 

initial position

(a) Square gesture

   estimated 

initial position

    reference 
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(b) M gesture

Figure 6.5: Spatial distribution of cost function for the initial position estimation
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(a) Square gesture (b) M gesture
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Figure 6.6: Result and performance of trajectories with the estimated initial position

uncertainty derived from the bandwidth, plower and pupper has been set to (-4, 4, 0) and

(4, 4, 2) respectively. The 2-meter in z-direction was arbitrary chosen based on the human

height indicated in Table 4.1. In Fig. 6.5, the distribution of cost function in eq. (6.12a) was

illustrated in a function of initial position candidate for both gestures’ trajectory. Due to the

error in the estimated Doppler profile and the spatial uncertainty on the hand surface, the

optimal initial position under the optimization criteria was clearly offset from the reference

position of wrist which acted as the reference motion of the human limb model described in

section. 4.2. In fact, it is obvious from the spatial cost function distribution that multiple

local optimal points exist. Therefore, the optimization could produce different initial posi-

tion depending on a boundary search condition. Since the assumption behind was not to
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find the absolute initial state but rather the position that could sustain its trajectory, it is

not unexpected to have an arbitrary position as the solution.

To assess the performance of trajectory tracking in the presence of the estimated initial

position, its trajectory result was comparatively plotted together with the trajectory with a

given initial position as described in the previous validation. Shown in Fig. 6.6a - 6.6b are

the trajectory comparison of square and M-shape gestures respectively. It is apparent that

their trajectories depicted in magenta line were still produced the recognizable shapes despite

a meter-level difference in the initial position for both gestures. Nonetheless, the difference

in initial position was explicitly manifested in terms of scale and orientation offset. Only

through the visual inspection, one can obviously saw the effect of initial position offset

results in the the higher constant rotation and shifting away from the reference. In fact,

the impact could be explained by analyzing the magnitude and direction error as depicted

in Fig. 6.6d - 6.6b for both gestures. Fortunately, the amount of trajectory distortion was

relatively stable which could be validated from a similar pattern of trajectory error between

Fig 6.3 and Fig 6.6 for a given and estimated initial position cases respectively. The reason

for trajectory offset could be explained by considering the geometric of multi-static Doppler

model used in the tracking framework as explained in section 6.2.1. Given the estimated

Doppler profile, the proportion of velocity components will be altered to accommodate the

change of U †(δ) because of the different initial positions. The change of velocity vector

contributed to the orientation and scale offset. Nonetheless, this evaluation has confirmed

that the trajectory is less sensitive to the initial position than the accuracy of Doppler profile

derived from the spectrum.

6.3.2 Effect of Doppler Power to the Estimated Trajectory Per-

formance

As discussed in previous section, the quality of Doppler profile strongly influences the per-

formance of the estimated trajectory. The proposed Doppler profile extraction explained in

chapter 5 is obtained from Doppler power spectrum. In other word, the extraction technique

would not be able to retrieve Doppler profile at certain time if Doppler power was unde-

tectable. This situation may happens when Doppler power level is smaller than the noise

level and thus undetectable which likely occurs in the actual measurement.

In the previous simulation, the scenario could be regarded as noise-free since the SNR

level was insignificantly small. In this section, noisy environment will be taken into account

in order to verify the effect of the noise power to the overall performance of hand trajectory

tracking. In general, the simulation condition is the same as in section 6.3.1 but varying SNR

of CSI from 50 dB, which is the approximated dynamic range of the Doppler power induced

by the motion given the proposed deterministic CSI model, to 30 dB. In each SNR level, 100
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Figure 6.7: Performance of the estimated trajectory at different SNR level
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trials of simulation have been conducted and the result was compared in terms of an average

of magnitude and direction trajectory error respectively for both gesture as visualized in

Fig. 6.7. While SNR level was gradually reduced, the figures clearly indicated the degradation

of trajectory performance as the direction offset relative to the reference trajectory increased.

In square gesture depicted in Fig. 6.7c, the improvement at the horizontal motion (first and

third motion segments) was astonishing as the direction offset has been mitigated from 65-85

to 20-40 degrees. In the vertical motion, relatively smaller direction error was observed from

35-50 dB whereas the transit between 30 to 35 dB showed a huge decrease of direction error

which was indicated in the remaining segments of square as well as in Fig. 6.7d of M gesture’s

vertical motion (first and forth motion segment). The similar trend could be observed in the

magnitude error especially in the second segment of M gesture as depicted in Fig 6.7b where

the huge decreased of averaged direction error was observed around 1 m/s when SNR changed

from 35 dB to 40 dB. In particular, estimated trajectory with a higher SNR tended to have a

balance level of magnitude error between negative and position values at each segment which

minimized the cumulative trajectory error in terms of overall distance. As comparatively

discussed in Fig. 6.3, this benefit is the result of KF which effectively controlled the abrupt

change in the movement speed. In contrast, this characteristic is gradually disappeared in

the case of the estimated trajectory with lower SNR especially in 30-35 dB cases. This

validation has confirmed that the estimated trajectory is sensitive to the decreased of SNR

level since only partial of Doppler information could be extracted from the noisy Doppler

spectrum.

For further visual analysis, Fig. 6.8 showed a sample of estimated trajectory at different

SNR level. In general, the size of estimated gestures are relatively larger than the reference.

However, the consistency in the size and orientation offset between the estimated trajectory

at higher SNR of 45 and 50 dB were clearly shown in Fig. 6.8b and Fig. 6.8d for square and M

gestures respectively. Beside. they are closely-positioned in the space since Doppler profiles

could be obtained with less impact from the noise power and thus converging the optimal

initial position. In the case of lower SNR depicted in Fig. 6.8a and Fig. 6.8c, although some

trajectories could maintain the original shapes of square and M gesture, its orientation was

clearly diverse which depended on the estimated initial position. This is because a partial

of Doppler spectrum was hindered by the noise level which consequently reduced Doppler

information to be extracted as Doppler profiles. To clarify this issue, Fig. 6.9 compared the

noise-free Doppler power spectrum to those at 30-dB SNR for the case of square gesture as

the example. In this figure, Doppler information in the the second and forth segments is

totally undetectable in the sampled spectrum between T1 and R1 at lower SNR as depicted

in Fig. 6.9c despite observable in the noise-free spectrum as visualized in Fig. 6.9a. Although

another pair of Doppler spectrum between T1 and R1 shown in Fig. 6.9d could barely detect

the Doppler power of the second motion segment, the forth segment is obscured by the
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(a) Square gesture with 30 and 35 dB SNR (b) Square gesture with 40, 45 and 50 dB SNR

(c) Square gesture with 30 and 35 dB SNR (d) M gesture with 40, 45 and 50 dB SNR

Figure 6.8: Result comparison of trajectory estimation in noisy scenario with difference SNR

level
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noise in comparison with those in noise-free shown in Fig. 6.9b. This characteristic clearly

justify the distorted shape in Fig. 6.8a at lower SNR. If the majority of Doppler information

was nearly contaminated, trajectory may not be able to reconstructed as seen in the vertical

motion of 30-dB SNR for both gestures. Additionnally, depending on the obtainable profiles,

the optimal trajectory that minimized LS residual in eq. (6.12a) could be differed which

results in the diverse trajectory orientation.

In conclusion, this analysis shed the light on the limitation of this framework when

dealing with the noisy CSI in terms of orientation offset. At SNR level falls below 35 dB,

quality of Doppler profiles were not sufficient to fully reconstruct the shape of hand gesture.

In a bright side, the analysis also described that the estimated trajectory in the actual

environment may preserve the overall gesture shape but unfortunately represent itself in the

the different frame-of-reference from those of actual gesture.

6.3.3 Effect of Antenna Position Uncertainty to Hand Trajectory

The positions of Tx and Rx antennas in previous simulations are assumed to be point source

and observation located at certain position. In the actual scenario, antenna has a particular

dimension and thus hardly to be defined by a particular point in the space. Moreover, the

measurement uncertainty such as equipment precision could be the uncontrollable source of

antenna position uncertainty.

To investigate the effect of antenna position uncertainty, the performance of hand tra-

jectory tracking given the estimated initial position is simulated under the assumption that

the estimated Tx and Rx antennas defined as p̂Tm and p̂Rn accordingly are suffered from the

measurement uncertainty,

p̂Tm = p̂Tm + NTR(0, σTR) (6.15)

p̂Rn = p̂Rn + NTR(0, σTR) (6.16)

where NTR(0, σTR) is the zero-mean Gaussian noise with standard deviation σTR. The

validation is conducted by comparing the estimated trajectory of the uncertain antenna

positions with those without antenna position uncertainty (reference) depicted in purple

line of Fig. 6.6a. Monte-Carlo simulation with 1,000 trial was conducted to estimate the

trajectory of the square gesture at different level of uncertainty controlled by σTR.

Root-mean-squared error (RMSE) with respect to number of simulation trials were com-

paratively validated in Fig. 6.10 in terms of magnitude and direction error. It was quan-

titatively shown that the estimated trajectories with the antenna uncertainty level below

σTR ≤ 5 cm produced relatively small discrepancy with the magnitude and direction error

less than 0.1 m/s and 10 degree. On the other hand, the discrepancy significantly when

σTR ≥ 12 cm in both error metrics. Therefore, it implicitly indicates that the tracking sys-

tem could handle the uncertainty of antenna position if the deviation is in the magnitude
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(a) Noise-free Doppler spectrum between T1 − R1

1 2 3 4 5 6

time (s)

-60

-40

-20

0

20

40

60

D
o
p
p
le

r 
fr

eq
u
en

cy
 (

H
z)

-50

-40

-30

-20

-10

0

D
o
p
p
le

r 
p
o
w

er
 (

d
B

)

(b) Noise-free Doppler spectrum between T2 − R2
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(c) 30-dB SNR Doppler spectrum between T1 − R1
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(d) 30-dB SNR Doppler spectrum between T2 − R2

Figure 6.9: Sampled Doppler power spectrum at lower SNR in comparison with those without

noise
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Figure 6.10: Discrepancy of the gesture trajectory with antenna position uncertainty at

different σTR relative to those with the certain antenna position in terms of RMSE

of a few centimeters. The simulation in the case of M-shape gesture was omitted since it

produced a similar result to the square gesture. Considering eq. (6.1), it should be noted that

the tolerable range of antenna position uncertainty is subject to the distance of the moving

object relative to the position of Tx and Rx. The farther the distance is, the tolerable range

would increase and vice versa for the shorter distance.

6.4 Measurement Campaign for Trajectory Estimation

In this section, our tracking framework will be testes with the measurement CSI conducted

in the meeting room. Wi-Fi system with 3x2 MIMO configuration was set up using two com-

mercial laptops where the 6 dBi-omnidirectional Wi-Fi antennas were externally connected

through a coaxial cable with 0.77 velocity factor and U.FL-to-SMA adapter cables. Each

antenna was placed in the different position as depicted in Fig. 6.11. These positions can be

translated to the relative position frame of reference with respect to the simulation setup in

Fig. 5.4a. The Linux 802.11n CSI Tool [24] was installed on both laptops to collect CSI data

while performing square and M-shape gesture respectively. The Undesired phase rotation

that obscured Doppler frequency was mitigated using the proposed b2b calibration technique

explained and evaluated in chapter 3. The schematic connection with b2b calibration setup

is the same as the one depicted in Fig. 3.6. Specifically, a Mini-Circuits ZFSC-2-10G 2-way

RF power splitter/combiner was applied at the first Tx antenna for dividing the signal into

the b2b channel at the first Rx antenna. A 40dB-attenuator was inserted between the b2b

channel to prevent the damage caused by power surge to the Wi-Fi chip as well as avoid the
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Figure 6.11: Measurement scenario for the hand gesture trajectory tracking.

(a) Square gesture (b) M gesture

Figure 6.12: Comparison of the estimated trajectory of hand gestures between actual and

simulated CSI
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(a) Square gesture (b) M gesture

Figure 6.13: Comparison of estimated gesture trajectory between the simulation and mea-

surement result under the relative frame of reference

power saturation due to the power difference between b2b and the wireless channel at the Rx

antenna ports. Consequently, three Tx and two Rx antennas are usable in this setup whereas

another received antenna is sacrificed for calibration purposed. The 40-MHz bandwidth Wi-

Fi signal were sent with the sampling frequency of 2,500 Hz at Wi-Fi channel number 62

(5.31 GHz center frequency). 30 subcarriers equally sampled every four subcarriers from a

total of 114 were obtained at the receivers which follows the CSI grouping number 4 ac-

cording to standard [3] covering 36.25 MHz bandwidth. In this measurement, each square

and M gesture was performed twice at the same position while CSI was being captured for

reproducibility. The trajectory and initial position were estimated offline in MATLAB using

the same proposed technique explained in section 6.2.1.

As depicted in Fig. 6.12, the estimated trajectories could resemble the square and M

gestures in both trials in comparison with the simulation the reference albeit the orientation

offset. With the discussion in section 6.3.2, this is the result of the quality of Doppler profiles

that was deteriorated from the lower level of Doppler power which strongly influences the

distortion of reconstructed shapes as well as its orientation. Beside, various uncertainty

factors during the measurement such as the difference in speed profile, non-rigid movement,

initial orientation and position of human limb may also affects the difference in gesture

size relative to the trajectory reference. In terms of algorithm, the optimization problem

in eq. (6.12a) could produce multiple optimal values, thus the the initial positions in these

measurements were different. As discussed in section 6.3.2, this usually happens under lower

SNR where extracted Doppler profiles are incomplete. Since the simulation results showed

that the tracking framework is more robust to the initial position, it does not strongly affect

the overall trajectory.
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Figure 6.14: Performance of the estimated trajectory in terms of direction trajectory error

of measurement and simulation results from Fig. 6.12

For a clear visual comparison with the simulation result, initial position of estimated

trajectories in both measurements and simulation are normalized to the origin in Fig. 6.13.

Here the simulated result with 40-dB SNR was selected since it has shown a similar spectrum

distortion due to the noise contamination as shown in Fig. 4.16c. It was found that the

simulation at 40-dB SNR produced relatively similar trajectory degradation similar to those

of measurements especially in the square gesture as depicted in Fig. 6.13a. Noting that

the 2nd simulation was included for reproducibility purpose. However, the visible difference

could be observed in the vertical motion segment. A slight difference in size and shape

between two trials was probably due to the measurement uncertainty during performing hand

gesture. Additional experiment with the reproducible instrument such as robot arm may be

needed to control and clarify this inconsistency. The distortion of the hand trajectory in

measurement was likely a result of a higher noise power that conceals the Doppler spectrum.

This consequently contributed to the quality of the estimated Doppler profile which is the

main source of trajectory error. In the case of M-gesture as visualized in Fig. 6.13b, both

trials obviously had a larger discrepancy from the simulation result in comparison with the

square gesture. This characteristic is expected since square gesture produced a stronger

Doppler power during horizontal segment thus improving the overall trajectory. Despite

distortion, this measurement successfully confirmed the usability of tracing hand trajectory

from commodity Wi-Fi devices.
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Since the fined-grained information of hand movement during the actual measurement

could not be obtained, magnitude trajectory error was not able to validate. Fortunately, the

experiment used the simple square and M-shape hand gesture whose direction movement

can be easily known. Therefore, only direction error was applied to quantitatively compare

the performance of trajectory tracing result as depicted in Fig, 6.14. In this figure, the

direction error is a relative orientation offset from the reference direction shown in Fig. 6.12

as a black dotted-line. The direction error of both measurement in general contained a

similar pattern as the result in simulation especially in the vertical motion of square gesture

(second and forth motion segment). In particular, the higher direction error was usually

situated at the beginning of motion segment and gradually reduced as the movement speed

increased. Although a higher orientation offset in the horizontal motion (first and third

motion segment) of around 50 degrees, it does not strongly influence the overall trajectory as

depicted in Fig. 6.13a because the estimated trajectory produced the rotation offset relative

to the reference. The same characteristic could be seen for the diagonal movement of M-

shape gesture (second and third motion segment) in the measurement as shown in Fig. 6.14b.

Recognizingly, vertical motion of the 2nd trial produced almost identical direction offset in

the first and third motion segment. This comparison indirectly showed the applicability of

the trajectory framework for the hand gesture tracing with the actual off-the-shelf Wi-Fi

devices.

In conclusion, our work is able to successfully perform the 3D trajectory with a few

number of antennas requirement whereas the hand gesture trajectory tracking system in [57]

needed more than 30 antennas to resolve the hand tracking that should be performed less

than a meter from the receiver. In comparison with the trajectory estimation system in

[58], their system is limited to the horizontal hand gesture while ours can work gesture in

any orientation. Moreover, considering the Doppler tracking method, their gesture tracking

performance highly depends on the orientation of the gesture performer relative to the trans-

mitter and receiver as mentioned in Fig. 5.4.2 since micro-Doppler effect was not taking into

account.

6.5 Summary

Restricted by the narrowband Wi-Fi signal, temporal position of hand gesture could not be

directly obtained through the range information. On the other hand, the temporal profile of

hand Doppler signature could be obtained by the proposed extraction technique explained

in previous chapter. Therefore, the alternative tracking technique that requires only the

knowledge of Doppler frequency is necessarily needed. Specifically, we sought to utilize the

velocity information with the goal to trace hand gesture trajectory.

Accordingly, the trajectory estimation framework is formulated based on the multi-static
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Doppler radar model. This framework recursively calculates both velocity and temporal

position of hand gesture given a set of Doppler profiles captured from multiple Txs and Rxs.

As the recursive process generates the cumulative error as the tracking progress, Kalman

filter is applied to mitigate the trajectory error from the recursive model. Unfortunately,

this system requires the given initial position which is practically difficult to accurately obtain

due to the poor resolution in range information. Therefore, the optimization problem was

applied to estimate the arbitrary initial position that could maintain the overall trajectory.

In the simulation, the trajectory of both square and M-shape gestures could successfully

be reconstructed even without applying KF model. the scale and orientation offset obviously

could be mitigated with the help of KF model. The correctness of trajectory is highly

sensitive to the extracted Doppler profile. On the other hand, the quality of the overall

trajectory is more robust to the initial position. Even though the estimated trajectory was

far away from the reference, the shape of trajectory could still be preserved. Nevertheless

the impact of the initial position offset manifests in terms of additional orientation offset

but does not contribute much to the shape distortion. The measurement campaign using

commodity Wi-Fi devices also provided the promising results in the trajectory tracking of

hand gestures in all trials. This experiment therefore confirmed the applicability of our

tracking framework in practical.



Chapter 7

Conclusion

7.1 Summary

The RF-based motion sensing has been addressed to enable the sensing capability in the

scenarios where the commercial vision-based sensing system finds it difficult to operate.

This thesis proposed the novel non-intrusive hand gesture trajectory tracking framework

by utilizing commodity Wi-Fi devices. The non-intrusive capability allows the tracking

possible without relying on the body-equipped sensors that could be inconvenient and may

be impractical for the applications in elderly care, and intrusion detection. Utilizing Wi-Fi

motion sensing is considered the application of OFDM radar which conceptually allows the

system to estimate position and velocity from the radial range and Doppler information

provided by Wi-Fi CSI. The main challenge of the Wi-Fi-based hand motion tracking is the

inability to trace accurately the absolute position of the hand movement from the range

information due to the Wi-Fi narrowband restriction. Most literature, therefore, utilized the

movement characteristic embedded in Doppler information. However, there exists two issues

when dealing with Doppler frequency in CSI: phase non-synchronization and micro-Doppler

effect.

The former challenge introduced the undesired phase rotation which obscures Doppler

frequency in the phase term of CSI. Many mitigation techniques have been proposed to

handle this synchronization issue in their respective applications. But alas, to the best of

the author’s knowledge, no previous study has successfully resolve the non-synchronization

issue without sacrificing a portion of Doppler information. In this thesis, the novel calibration

technique was introduced. Practically, a back-to-back channel representing a wired channel in

the cable between transmit and receive antenna ports was selected as the reference channel

to solve the non-synchronization issue thus removing the undesired phase rotation in the

process. The performance of the proposed calibration was confirmed by comparing the

calibrated CSI with those channel measured by vector network analyzer

Another issue in micro-Doppler effect introduces multiple Doppler components caused by
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a bulky composite object such as the movement of human limb. This effect makes it difficult

to choose the Doppler frequency signature that corresponds to the target movement which

is the hand motion in this study. To understand how the micro-Doppler effect is generated

during hand gesture, surface point cloud based human limb model was developed. The non-

rigid motion of limb was simulated by the model of robot arm. In this work, simulated CSI

was computed based on EM scattering from surface points on the human limb. The modified

physical optics was introduced as the practical usage to compute the time-variant component

of the simulated CSI. This approach enables us to obtain the deterministic micro-Doppler

signatures induced by each segment on a human limb. the applicability of the simulated CSI

model to produce micro-Doppler was confirmed with the result from measurement

By analyzed the hand Doppler characteristic, the novel Doppler profile estimation tech-

nique based on peak detection was established to extract a portion of hand micro-Doppler

signatures from the spectrum. It was revealed that the error from the extracted Doppler

profile was fairly small with less than 4-Hz offset at 90th percentile of CDF in comparison

with the larger error from the previous extraction methods used in CSI-based motion sensing

analysis.

Our hand motion tracking framework is based on multi-static radar system. The tra-

jectory was reconstructed by recursively estimating velocity and temporal position from the

extracted Doppler profiles. KF was applied to subjugate the accumulated noise from the

recursive tracking process. With simulation, the trajectory of both square and M-shape

gesture were successfully traced albeit moderate scale and orientation distortion. The result

also shows the robustness of the proposal to the micro-Doppler effect induced by human

limb since the Doppler profile is extracted based on the analysis of micro-Doppler, and the

performance is not depended on the user position in contrast to recognition approach. Last

but not least, it was found that the quality of the overall trajectory is robust to the initial

position but highly sensitive to the extracted Doppler profile. The measurement has been

conducted to verify the applicability of this trajectory tracking framework. CSI was captured

from commodity Wi-Fi devices installed on two laptops. The trajectory of hand gestures

was successfully reconstructed with promising results in all trials.

7.2 Applicability to The Future Motion Sensing Sys-

tem

In this section, the discussion of how the findings in this thesis can contribute to the future

motion sensing. With respect to the novel b2b calibration, it could be used as a low-cost

reference signal for the modelling of the undesired phase rotation. With further research on

the phase rotation issue, it is possible to develop the CSI calibration that does not require

hardware modification. This discovery could have made the Wi-Fi based motion sensing
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more practical than our b2b calibration since no wired cable connection required in the

sensing system. Even without improving the calibration technique, our calibrated CSI can

improve the study in Wi-Fi based motion analysis in various applications such as intrusion

detection, vital signal detection, activity and gesture recognition, and object tracking since

the information of Doppler frequency is now fully obtainable.

Although our simulated CSI model was purposedly developed for the study of micro-

Doppler effect during hand gesture, one can adopt our model to study the characteristic of

micro-Doppler in their target motions such as human activity. This can be applied by simply

subjecting the target object model with the PO-based scattered prediction to construct the

deterministic CSI model. Moreover, the usage of this model could be extended further for

the prediction of micro-Doppler signatures at different configuration. For example, in case

of gesture recognition, a bunch of motion features can be obtained directly from simula-

tion. This effectively could reduce the labored work during the construction the recognition

database. In case of hand motion trajectory tracking, the findings showed that higher dis-

tortion happens when Doppler shift is small in the realm of uncertainty. Therefore, further

study could be focused on the optimization position of the transmit and received antennas

to minimize this issue. Another possibility of future research worth mentioning is the ori-

entation offset of the estimated hand trajectory in the actual environment with noisy CSI.

In particular, the development of mathematical model to describe the mechanism behind

this trajectory rotation would be beneficial to predict the possible set of trajectories given

the degraded Doppler profiles at lower SNR. In case of applying the trajectory tracking into

gesture recognition framework, the study of coordinate alignment would be helpful to match

the given trajectory with the trained gesture database.

In terms of industrial availability, it will be mostly beneficial for the motion sensing

technology related company which involves in the development of low-cost and ubiquitous

contactless interface such as smart devices, Internet-of-Things (IoT) devices, as well as virtual

reality and augmented reality devices. It could assist the optical-based motion sensing to

enable the sensing capability in the non-LoS scenario, private locations. In addition, the

wireless communication related business could have a solution to integrate the motion sensing

functionality into the home-scale Wi-Fi router enabling them to work as IoT gadgets rather

than simply data communication.
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