
ABSTRACT 

Classification of Human Head Motion Patterns using Creeping Wave Propagations 

Drew G. Bresnahan, M.S.E.C.E. 

Mentor: Yang Li, Ph.D. 

Wearable electronics are continually being developed for a multitude of 

applications like remote health monitoring, personal activity tracking, and gaming. To 

design efficient wireless communication between multiple on-body devices, 

propagation models of the human body must be considered. Due to the creeping wave 

effect of radio waves near a curved surface, the human body itself acts as a channel 

capable of supporting and affecting wireless signals. The around-head creeping wave 

propagation behavior of three different frequencies has been investigated. Since these 

continuous frequency signals are affected by the movements of the human body, their 

altered signatures are also classifiable as effects of distinct daily activities like eating, 

drinking, breathing, and speaking. To improve the measurement system for practical 

operation in the field, the network analyzer is replaced with smaller, cheaper sensor 

alternatives including narrowband and wideband candidates. 
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CHAPTER ONE 

Introduction 

 

Background and Motivation 

A wireless body-area network (WBAN) can be defined as a group of wirelessly 

interconnected sensors meant to be worn on the human body to measure a physical 

quantity or provide a function. Most examples of WBANs are medical in nature, 

remotely monitoring physiological effects in or on the body. Wearable consumer 

electronics like the Fitbit® or smart watches which send information to the user’s 

smartphone can also be considered WBAN nodes. With the recent advancements in 

wireless communication and miniaturization of electronics, the future may hold many 

WBAN applications for functions that we can only imagine today. Fig. 1 shows a basic 

concept diagram of a WBAN. While WBAN nodes can be any type of sensor, like 

accelerometers or thermometers, this work will focus on antennas which radiate radio 

frequency (RF) electromagnetic waves near the surface of the human body.  

Monitoring and tracking human motion patterns during daily activities is an 

important problem with interesting applications, including remote health monitoring [1], 

[2], athletic training [3], and computer gaming [4]. A substantial amount of research has 

been conducted to track compound motions like walking, running, hopping, and sitting 

[5]-[7], which all involve movement of the human torso and limbs. Lately, small-scale 

movements over specific regions of the human body, such as mouth movements or finger 

motions, have also attracted the attention of researchers [8]-[11]. The head-neck region of 
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the body hosts important physiological processes like speaking, eating, and breathing; 

therefore, this region holds great potential for localized activity classification. 

 

 

Fig. 1. Concept diagram of wireless body area network. 

 

 

Previous works have suggested several creative approaches for tracking these 

types of activities: Yatani and Truong [8] investigated acoustics as a method of 

classifying neck-related activities (e.g. eating and drinking) by developing a wearable 

microphone prototype sensor. They were able to achieve 79.5% classification accuracy 

using a support vector machine algorithm. Cheng et al. [9] studied the ability of wearable 

capacitive sensors to recognize various physiological signs like heartbeat and breathing. 

Fang et al. [10] developed a radio-based wearable prototype system that is capable of 

tracking head-related activities (e.g. coughing, eating, drinking, and speaking). Their 

approach eliminates the need of using a microphone or camera, and it achieves a higher 

classification accuracy of 86.3% using principal component analysis on the fine-grained 

channel state information extracted from the system.  
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Because the nodes of a WBAN communicate wirelessly, it is imperative to 

understand the behavior of the electromagnetic wave propagations that take place near 

the human body surface. Previous works have investigated the line-of-sight and non-line-

of-sight wave propagations along the human torso, providing insight into how different 

paths of communication may operate for two on-body nodes [12]-[15]. However, the 

head and neck region of the human body has yet to be fully modeled for propagation path 

loss and phase delay between two transceivers.  

The creeping wave phenomenon [16] is the dominant theory describing the main 

propagation mechanism of radio waves travelling around curved portions of the body. 

Creeping waves are illustrated in Fig. 2, where one can see how an incident wave front 

will diffract and spread into the shadowed space behind the target, effectively travelling 

around the curved path while attenuating. Although it was popularized by engineers 

investigating phantom returns in radar applications [17], the creeping wave phenomenon 

is significantly observable when a source radiates near the many curves and contours of 

the human body.  

 
Fig. 2. Creeping wave illustration. 
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Content Structure of This Thesis 

In this work, the primary goal is to use creeping wave propagations around the 

human head and neck to classify different head and neck-related activities such as eating, 

drinking, breathing, and speaking. In order to accomplish this, the following objectives 

are accomplished. 

 

Chapter Two 

Creeping wave propagations around unmoving human test subjects’ heads are 

first investigated through direct measurements, simulations, and verifying with a 

theoretical model. Magnitude decay and phase delay of three different ISM-band 

frequencies are considered: 433 MHz, 915 MHz, and 2.45 GHz. 

 

Chapter Three 

2.45 GHz creeping wave signals are measured around the neck of six test subjects 

as they act out different activities. The motions of the throat and jaw disturb the radio 

channel around the neck, affecting the measured S-parameters of two neck-worn 

antennas. Spectrograms of the different S-parameter disturbance patterns are used to train 

a convolutional neural network to classify the activities based on their time-frequency 

radio signatures. 

 

Chapter Four 

Two different kinds of small, affordable sensors are used to replace the vector 

network analyzer as the measurement device in on-body wave propagation tests. The two 

sensors feature narrowband and wideband measurement schemes, respectively. The 
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removal of the network analyzer from the measurement system is crucial for any practical 

future use of WBANs in everyday life.  
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CHAPTER TWO 

Narrowband Propagation Study with Unmoving Test Subjects 

 

Measurement 

To begin, a single frequency wireless signal is considered as it propagates around 

the human head. Three separate wireless signals with frequencies of 433 MHz, 915 MHz, 

and 2.45 GHz are launched near the unmoving (static) human head. These frequencies 

are selected since they are centered within the Industrial, Scientific, and Medical (ISM) 

spectrum bands. The type of antenna used to generate the waves is a quarter-wavelength 

“bridge” monopole, as shown in Fig. 3(a). Three pairs of antennas are created to support 

the three different frequencies. The antenna wire lengths are 17.32 cm, 8.20 cm, and 3.06 

cm with square top ground plane sizes of 4 x 4 cm2, 2 x 2 cm2, and 2 x 2 cm2, 

corresponding to center resonant frequencies at 433 MHz, 915 MHz, and 2.45 GHz, 

respectively. The ground plane is fabricated in a “bridge” shape to allow the 90-degree 

SMA adapter to fit below the antenna and remain flush with the human head surface.  

Two monopole antennas are connected to port 1 and 2 of an Agilent PNA-L 

N5230C Network Analyzer (VNA). All three pairs of monopole antennas are well 

matched (S11<-10 dB) at their designed frequencies of 433 MHz, 915 MHz, and 2.45 

GHz when placed on the subject’s forehead. The S11 parameter of the 2.45 GHz antennas 

when placed near the body is shown in Fig. 3(b)-(c), which both indicate a good 

impedance match. The gains of each antenna are measured to be close to 5 dBi in an open 
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space environment. To ensure on-body wave mechanisms can be strongly excited, the 

monopoles are oriented orthogonally to the human head surface [18]. 

 

 
(a)    (b)    (c) 

Fig. 3. Antenna characteristics: (a) picture of ¼-wavelength bridge monopole matched at 2.45 GHz, (b) return 

loss when antenna is placed near the forehead, (c) return loss when antenna is placed near the neck. 
 

 

Three paths are chosen for measurement, as show in Fig. 4: a 360° horizontal 

head path, a 180° vertical head path, and a 360° horizontal neck path. The transmitting 

antenna is placed on the side of the head just above the ear, and the receiving antenna is 

moved around the head in 1.5 cm increments while the VNA measures the S-parameters 

for each sample location. 

S-parameters, short for Scattering parameters, describe the behavior of a linear 

electrical network as it is stimulated by a steady state electrical signal. The S11 parameter 

is proportional to the amount of energy sent from port 1 that is reflected back into port 1 

due to load impedance mismatch. The S21 parameter is proportional to the energy sent 

from port 1 to port 2, which in this setup is the creeping wave signal strength between the 

antennas. 

Fig. 5(a)-(c) shows the experimental setup for each of the three path scans. These 

experiments were conducted in a spacious, indoor hallway with the test subject standing 

upright and still. The results presented below are from one female test subject, age 27 

years, with horizontal head circumference of 53 cm, vertical head circumference of 57 
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cm, and neck circumference of 30 cm. All presented measurement results are from this 

test subject unless otherwise specified. 

 

 

Fig. 4. Measurement paths around the head and neck. 
 

 

 
(a)    (b)    (c) 

Fig. 5. Measurement setup: (a) around horizontal path, (b) around vertical path, (c) around neck path. 
 

 

Fig. 6 shows the horizontal head S21 magnitude on dB scale and phase on degree 

scale. The vertical axis corresponds to distance between the antennas along the head path 

and the horizontal axis corresponds to frequency swept from 300 MHz to 3 GHz on the 

VNA for each sample point. The center resonant frequencies of the antennas are obvious 

as the regions of strongest magnitude. For example, the 915 MHz scan in Fig. 6(b) has a 

strong, red, vertically stretching region centered near the 1 GHz mark, where the 915 

MHz antenna pair would radiate and receive the most energy. The same observation can 

Head/
Neck RX 

TX 

Top View 
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be made with the 433 MHz and 2.45 GHz plots. A noticeable symmetry exists across the 

middle horizontal line through each of the graphs, indicating that the creeping wave 

experiences nearly identical exponential magnitude decay and linear phase delay along 

either direction of the horizontal head path. For a fixed frequency, the signal magnitude 

drops as the distance increases, then increases slightly near the 24-cm mark (180° from 

the transmitting antenna), then increases to the initial level as the receiving antenna is 

moved back next to the transmitting antenna, resulting in the symmetrical pattern in the 

plots.  

Fig. 7 shows the measured S21 against frequency and distance between the 

antennas along the vertical path. These magnitude and phase plots are similar to those in 

Fig. 6, but they lack the vertical symmetry of the horizontal head path plots since the 

measured path is only along the top of the head from ear to ear, covering 180° instead of 

360°. Since the neck would block the antennas from completely traversing the vertical 

360° loop, only the 180° path is considered. The phase delay of both horizontal and 

vertical scans appears rather linear, indicating there may only be one dominant wave 

mode along those paths.  

Fig. 8 displays similar magnitude and phase results for the horizontal neck scan. 

The symmetry of each plot is once again apparent, due to the symmetry of the human 

neck. However, notice that for each frequency the magnitude decays more quickly than 

that of either head scan. Discussion of this phenomenon follows. 
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(a)    (b)    (c) 

 
 (d)    (e)    (f) 

Fig. 6. Horizontal head scan S21 data: (a) 433 MHz monopole transmission loss (dB), (b) 915 MHz monopole 

transmission loss, (c) 2.45 GHz monopole transmission loss, (d) 433 MHz monopole phase delay (degrees), 

(e) 915 MHz monopole phase delay, (f) 2.45 GHz monopole phase delay. 

 

 

 
(a)    (b)    (c) 

 

 
 (d)    (e)    (f) 

Fig. 7. Vertical head scan S21 data: (a) 433 MHz monopole transmission loss (dB), (b) 915 MHz monopole 

transmission loss, (c) 2.45 GHz monopole transmission loss, (d) 433 MHz monopole phase delay (degrees), 

(e) 915 MHz monopole phase delay, (f) 2.45 GHz monopole phase delay.  
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(a)    (b)    (c) 

  
(d)    (e)    (f) 

Fig. 8. Neck scan S21 data: (a) 433 MHz monopole transmission loss (dB), (b) 915 MHz monopole 

transmission loss, (c) 2.45 GHz monopole transmission loss, (d) 433 MHz monopole phase delay (degrees), 

(e) 915 MHz monopole phase delay, (f) 2.45 GHz monopole phase delay.  
 

 

By selecting a single frequency at the horizontal axis of any plot from Figs. 6-8 

and examining the changes of the signal along the distance axis, it becomes simple to 

visualize how that frequency component propagates along the three head paths. For this 

section, an additional male test subject is measured using the same testing procedure as 

before. Shown in Fig. 9(a), the 2.45 GHz S21 curve attenuates exponentially, increases for 

a short distance at the middle of the path distance, decreases once more, then finally 

exponentially increases as the receiving antenna is brought near the transmitting antenna.  

Because of the circular nature of this measurement path, it is rather obvious that 

the signal strength will start high, attenuate to low, and return to high as the antennas are 

separated and brought closer together. However, it is important to recognize that due to 

the symmetric nature of the plots in Fig. 9(a),(c), there are two dominant wave modes 

propagating around the horizontal head path. If this were not true, the signal would not 

increase back to the initial level as the receiver antenna moves along its forward path. 
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Since the measurement path is a circle, it is concluded that there are two primary wave 

modes, one propagating in the clockwise direction, and the other in the counter-clockwise 

direction. The irregularities in S21 at the middle of the path indicates that there is 

constructive and destructive interference between these wave fronts. The image in Fig. 10 

illustrates how these two symmetric wave modes are intuitively understandable due to the 

shape of the head and the radiation pattern of the monopole antennas used for testing. The 

vertical head scan shown below in Fig. 9(b),(e) does not exhibit the symmetrical “W-

shaped” pattern, since only the 180° path was measured.  

 

   
(a)    (b)    (c) 

   
(d)    (e)    (f) 

Fig. 9. 2.45 GHz S21 data for: (a) Horizontal head magnitude, (b) vertical head magnitude, (c) neck 

magnitude, (d) horizontal head phase, (e) vertical head phase, and (f) neck phase. 
 

 

Full-wave Simulations 

To verify the measurements, full-wave simulations are performed for the 

horizontal head, vertical head, and neck path using the FEKO simulation software [19]. 

Two simulation models were considered for this study: a homogeneous, geometrically 

simplified model shown in Fig. 10(a), and an inhomogeneous, geometrically realistic 
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phantom model shown in Fig. 10(b). The realistic model is not easily scalable to the 

shape and dimensions of the human test subjects, hence the inclusion of the simplified 

model which is easy to scale and modify.  

 
(a)     (b) 

Fig. 10. (a) Simplified simulation model. (b) Realistic simulation model. 
 

 

The simplified head model consists of a spheroid representing the head and a 

cylinder representing the neck, which are both filled with dielectric material equivalent to 

2/3 of muscle tissue relative permittivity and conductivity (e.g., 52.7 and 1.7 S/m at 2.45 

GHz) and are scaled to the head size of the test subject. The use of the 2/3 muscle tissue 

approximation is a common estimation used by many other biomedical studies to 

simplify the model and shorten simulation time [20], [21]. The inhomogeneous, realistic 

head model represents a more accurate description of the human head. However, its size 

cannot be scaled to the test subject, and it takes a much longer time to simulate for high 

mesh densities. The mesh discretization applied in the simulation is 12 segments per 

wavelength.  

Fig. 11 shows the results of the 2.45 GHz horizontal head simulation plotted on 

the same axis as the measurement data for the same setup. One can observe decent 

agreement between all curves. The realistic simulation data is the most comparable to the 

measurement results for Fig. 11(b),(c), but the simplified simulation curve is closer to the 
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measurements in Fig. 11(a). Fig. 11(d)-(f) show similar plots for the vertical head scan, 

and Fig. 11(g)-(i) show the simulation plots for the neck scan.  

Since the results of the simplified model align with the measurements, it is not 

necessary to always use the realistic model. A homogeneous approximation of a human is 

good enough for creeping wave simulation. 

 

 
(a)    (b)    (c) 

 
(d)    (e)    (f) 

 
(g)    (h)    (i) 

Fig. 11. Simulation results compared to measurements for the horizontal head scan for (a) 433 MHz, (b) 915 

MHz, (c) 2.45 GHz, for the vertical head scan for (d) 433 MHz, (e) 915 MHz, (f) 2.45 GHz, and for the neck 

scan for (g) 433 MHz, (h) 915 MHz, (i) 2.45 GHz. 
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Wave Mode Analysis 

To provide more physical insights into the above results, we next model the 

measured S21 into a summation of N propagating modes, in the form 

Each mode is associated with a unique mode magnitude 𝑐𝑛 , phase constant 𝛽𝑛 , 

and attenuation constant 𝛼𝑛. The ESPRIT algorithm (Estimation of Signal Parameters via 

Rotational Invariance Technique) [22] is applied to extract the mode parameters. 

Implementing ESPRIT with Matlab, it is possible to visualize the wave modes that 

comprise the observed patterns discussed in the sections above. By plotting the extracted 

phase constant and magnitude from each of the four most prominent wave modes, an 

image like that of Fig. 12 is generated. Two distinct tracks are visible, indicating that out 

of the four strongest modes, only two are non-negligible. These correspond to the 

clockwise and counter-clockwise wave fronts propagating in either direction around the 

horizontal head path. The absolute values of the phase constants (“Beta”) increase with 

frequency, as expected. Since the tracks appear rather linear, it is reasonable to claim that 

the horizontal head path channel experiences little to no frequency dispersion.  

Like Fig. 12, Fig. 13 shows the wave parameter extraction results plotted for the 

vertical head scan path. The first 2 dominant modes are plotted, however only one 

primary mode appears, since the measurement path only covered the top of the head and 

the neck masks the creeping wave from propagating in both directions like in the 

horizontal head path case. Fig. 14 displays similar results for the neck scan path. The 

 

𝑆21(𝑑, 𝑓) ≅ ∑ 𝑐𝑛(𝑓)𝑒−𝑗𝛽𝑛(𝑓)𝑑𝑒−𝛼𝑛(𝑓)𝑑

𝑁

𝑛=1

. (1) 
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neck is decidedly noisier than the other two scans, most likely due to the presence of the 

chin, chest, head, and hair near the scan path.  

 
 

Fig. 12. ESPRIT parameter extraction results plotted for the horizontal head path. 

 

 

 
Fig. 13. ESPRIT parameter extraction results plotted for the vertical head path. 
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Fig. 14. ESPRIT parameter extraction results plotted for the neck path. 
 

 

To verify the data presented in Figs. 12-14, the two dominant modes’ (one mode 

in the vertical head case) parameters are used to generate a curve which is compared to 

the raw measurement data in Fig. 15. Decent alignment between both data sets in each 

case confirms that there are two dominant modes for the horizontal head and neck paths, 

and one dominant mode for the vertical path. Due to the unclean data collected around 

the neck, the addition of only two modes were not sufficient to closely reconstruct the 

original measurement curves. A closer fit between the curves can be found by increasing 

the number of modes used in the reconstruction. This applies in all cases.  

For each path scan at any certain frequency, it appears that the wavenumber is 

slightly greater than the wavenumber for a wave in free space at the same respective 

frequency. This implies that the creeping waves propagate slower than the speed of light 

in a vacuum. This may be explained by the proximity to the human flesh, where its 

dielectric properties slow a portion of the electric fields that cross from air into the head. 
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(a)    (b)    (c) 

 

 
(d)    (e)    (f) 

Fig. 15. Reconstruction using extracted dominant wave mode parameters for (a) horizontal head scan 

magnitude, (b) vertical head magnitude, (c) neck magnitude, (d) horizontal head phase, (e) vertical head 

phase, and (f) neck phase. 

 

 

Theoretical Model 

The creeping wave theory developed by Alves et al [18] is introduced to compare 

with the previously discussed simulation and measurement results. The following 

equation represents the transmission loss between transmitting and receiving antennas, 

where G is the transmission strength from transmitting to receiving antenna; c is the 

speed of light in a vacuum; 𝑡𝑜
1 is an empirical constant given in [18]; 𝐺𝑇𝑋 and 𝐺𝑅𝑋 are the 

respective gains of the transmitting and receiving antennas; d is the circumferential 

distance around the head path; f is the operating frequency; a is the radius of the head; 

and p is the total circumference of the head: 

          𝐺 =
𝑐
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The theoretical attenuation constant 𝛼 is given as follows. It is seen that 𝛼 is 

inversely proportional to the wavelength 𝜆  and radius a, implying the creeping wave 

experiences larger decay at higher frequency and smaller radius. Both phenomena have 

been observed in our measurement data.  

          𝛼𝑑𝐵/𝑐𝑚 = 𝐾
𝑓𝑀𝐻𝑧

1/3

𝑎𝑐𝑚
2/3   

(3) 

 

In Fig. 16 and Fig. 17 there are similar trends between the theoretical curve and 

the curves of the prior results. The theory curve best aligns with simulation and 

measurement at 2.45 GHz, since this case best complies with the condition from [18] that 

λ << 𝑝. However, lower frequencies of the theory model still show alignment with the 

measurements and simulations.  

 

 
(a)       (b)    (c) 

Fig. 16. Theory curve compared to measurements and simplified FEKO simulations, horizontal head scan: 

(a) 433 MHz; (b) 915 MHz; (c) 2.45 GHz. 
 

 

 
(a)       (b)    (c) 

Fig. 17. Theory curve compared to measurements and simplified FEKO simulations, vertical head scan: (a) 

433 MHz; (b) 915 MHz; (c) 2.45 GHz. 
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Conclusion 

In this chapter, measurements of around-head and around-neck narrowband 

creeping waves were conducted for 433 MHz, 915 MHz, and 2.45 GHz. Simulations and 

a theoretical model were used to verify and compare with the measurements. The 

ESPIRT algorithm was used to model the measured patterns as a summation of complex 

exponential terms to determine the dominant wave modes for each creeping wave path.  

The radius of the creeping wave path curvature is a significant factor in the 

attenuation of the creeping wave signal—a smaller radius will cause grater attenuation of 

the signal. Higher operation frequency will also cause greater attenuation in the creeping 

wave. The phase delay of a creeping wave signal primarily depends on the distance from 

transmitter to receiver along the body path. 
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CHAPTER THREE 

Narrowband Signal Distortion Classification with Moving Test Subjects 

 

Background Information 

Studies in the realm of computer body interfaces and WBAN systems have 

discovered the potential of using radio waves as a means of detecting different human 

body activities. In a manner similar to how Doppler radar can classify different weather 

patterns, so too can radio or microwave frequency signals be used as a sensing method 

for different human motion patterns. This has been shown in the works of Fang et al [10] 

who developed a wearable radio sensor system capable of classifying head-related 

activities (like eating and speaking) with 86.3% accuracy, and Xu et al [11] who was able 

to use the reflection coefficient of an antenna to monitor the movements of a subject’s 

hand with over 90% accuracy.  

The near environment surrounding an antenna directly affects the antenna’s 

impedance characteristics. If a narrowband antenna is resonant at a certain frequency in 

free space, placing the antenna near or inside of a material with a high electric 

permittivity or conductivity will undoubtedly shift its resonant frequency. Using the 

equation 

 𝛽 =
2𝜋

𝜆
= 𝜔√𝜇𝜀  , (4) 

it is clear that the steady-state wavelength 𝜆 of a signal with angular frequency ω is 

inversely proportional to the square root of the permittivity 𝜀. The magnetic permeability  
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 𝜇 = 𝜇𝑟𝜇0 (5) 

is generally equal to 𝜇0, the permeability of free space, and is therefore not a critical point 

of consideration for most nonmagnetic natural materials, including human tissue. 

However, the lossless permittivity of a material is generally greater than that of free 

space, and is given as 

 𝜀 = 𝜀𝑟𝜀0 (6) 

where 𝜀𝑟 is the relative permittivity (also referred to as a dielectric constant) and 𝜀0 is the 

permittivity of free space. Most natural materials have 𝜀𝑟 > 1. If the conductivity of the 

material is greater than 0, then the permittivity can be expressed as a complex number,  

 𝜀 = 𝜀′ − 𝑗
𝜎

𝜔
 (7) 

where 𝜀′ is the lossless permittivity defined in (6).  

 Equation (4) implies that as a material with sufficiently high permittivity or 

conductivity is brought near an antenna, the steady-state wavelength will increase in 

length, creating a downward shift in the antenna’s resonant frequency. Effectively, the 

electrical dimensions of the antenna become longer as the dielectric material is brought 

near the source of radiation. If this principle is applied to a dielectric human body 

interacting with sensitive narrowband antennas, the resulting resonant frequency shifts 

and S-parameter fluctuations are potential tools to measure different motion patterns.  

 

Dynamic Neck Measurement 

As humans undergo different daily activities, the RF channel around the neck is 

primarily influenced by movements of the head, shoulders, and surrounding neck tissue. 

When experiencing common body functions like eating or speaking, these channel 
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disturbances can form patterns in the measured S-parameters, which can be used to 

classify many different neck-related activities. For this study, we consider six test 

subjects acting out four different activities: chewing, swallowing, breathing, and 

speaking.  

The dynamic (i.e. moving human) measurement setup is like the setup described 

in chapter 2, but now both the transmitting and receiving monopoles are kept stationary 

and 80° apart on the neck for the duration of the experiment. Table 1 lists the physical 

characteristics of the six test subjects. The network analyzer measured the 2.45 GHz S-

parameters between the antennas for 20 seconds, sampling at 200 Hz. IF bandwidth of the 

VNA was set to 500 Hz. Each test subject repeated four trials of each of the four 

activities. Fig. 18 shows the magnitude (left) and phase (right) of the S21 parameter of test 

subjects “Male 1” and “Female 1” for the four separate activities. 

 
Table 1. List of Test Subject Traits. 

 Male 1 Male 2 Male 3 Male 4 Female 1 Female 2 

Height (cm) 188 178 170 164 163 170 

Weight (kg) 70 84 64 95 50 66 

Circumference 

of Neck (cm) 

36 40 36 42 30 34  

Age (years) 22 27 35 42 27 26 

 

It is clear from Fig. 18 that the four activities cause distinctly different S-

parameter patterns in the time domain which can be used to distinguish them from one 

another. For example, the chewing (Fig. 18(a)) exhibits quick, sudden peaks and valleys 

as the chin of the test subject abruptly moves up and down. In contrast, the deep 

breathing (Fig. 18(c)) shows a slow, smooth rise and fall as the chest expands and affects 

the environment of the neck antennas. The swallowing (Fig. 18(b)) has a unique 
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repeating shape that distinguishes it from the other activities, whereas the speaking (Fig. 

18(d)) is random, sporadic, and does not seem to follow a trend like the other activities.  

 
(a) 

 

 
(b) 

 

 
(c) 

 

 
(d) 

Fig. 18. Examples of male and female S21 parameters across the neck measured at 2.45 GHz for the four 

different activities: (a) chewing, (b) swallowing, (c) breathing, and (d) speaking. 
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The amplitude range of both the magnitude and the phase also may help 

differentiate the activities. Observe how the Male 1 chewing spans 5 dB of magnitude 

and 10 degrees of phase, compared to the Male 1 drinking which only spans 1-2 dB and 5 

degrees. Although all the plotted activities were made intentionally periodic, actions like 

chewing and breathing are inherently periodic, implying the frequency domain contains 

rich information that may also prove useful when classifying head-related activities. 

If enough diverse instances of these data were displayed here, the reader may be 

able to identify the activity of an unlabeled plot simply by recognizing the unique 

patterns appearing in each type of activity. This idea can extend to computer algorithms.  

 

Neural Network Background 

A neural network is a computer algorithm capable of learning to generate an 

output based on given inputs by adjusting the weights and biases of its hidden neural 

connections. A neural network must be trained by an outside entity capable of labelling 

the input data as it presents it to the network. As more and more training data is presented 

to the network, the weights and biases are adjusted according to a gradient descent 

minimization of the cost function, which is a measure of how incorrect the network’s 

answers are for each training iteration. The details of how neural networks learn are not 

covered here, but an excellent learning source is [23]. Once the training period is over 

and enough diverse input data have been presented to the network, the network 

performance is validated by submitting similar input data and evaluating if the outputs 

are correct or not. The number of correct outputs divided by the total number of answers 

(correct and incorrect) gives the percentage accuracy of the neural network.  
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Fig. 19 shows a concept diagram of a neural network. A “deep” neural network 

implies there are many hidden layers. This is a rather arbitrary distinction, with there 

being no hard requirement to be called “deep.” Each hidden layer corresponds to another 

layer of complexity the network can resolve in a problem (e.g. identifying edges or 

shapes in images instead of individual pixels). This architecture, called a multilayer 

perceptron, was devised decades ago and is considered insufficient for many applications 

today. There have been extensions to this concept that have become common solutions 

for image recognition, natural speech processing, and website advertisement 

optimization.  

 

Fig. 19. Neural network concept diagram. 
 

 

One of the extensions of the multilayer perceptron is called a convolutional neural 

network (CNN), which is illustrated in Fig. 20. A CNN connects sub-regions of the 2-

dimensional input, called local receptive fields, to different hidden layer neurons as 

shown in Fig. 21. A 2-dimensional convolution is an efficient way to achieve this, hence 

the name of the architecture. The hidden layer identifies features in the previous layer 

through an activation function, which decides which neurons to “turn on” in the hidden 

layer. The hidden layer neural connections share identical weights and biases so that 
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features can be recognized regardless of where they are in the image. The result is then 

condensed into a pooling layer, which takes the average value of the activated neurons in 

a sub-region of the previous layer and stores it in one neuron. This immensely reduces the 

dimensionality of the problem by shrinking the number of parameters that the network 

needs to learn. After this process repeats through the multiple hidden layers, the fully-

connected layer connects every neuron from the last hidden layer to the output neurons to 

combine the features and classify the image. The output is then produced like the answer 

to a multiple-choice test question. Note that if the CNN is presented with an image that it 

was never trained to recognize, it will confidently give an answer that is nowhere near 

correct. The network can only give answers for categories that it was trained for.  

 

 
 

Fig. 20.  Convolutional neural network concept diagram. Picture taken from MathWorks [23]. 
 

 

 
Fig. 21. Illustration of how a local receptive field is connected to a single hidden layer neuron. Picture taken 

from MathWorks [23]. 
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Activity Classification using Convolutional Neural Network 

Spectrograms of each activity are created by taking the Short-Time Fourier 

Transform [24] of each activity S21 parameter. 5-second windows from these larger 20-

second-width spectrograms are shown in Fig. 22. A convolutional neural network is used 

to classify the four neck-related activities based on their spectrogram images. A CNN is 

implemented using the MATLAB™ 2017b Deep Learning Toolbox. The network has 2 

hidden layers consisting of a convolutional layer and an average pooling layer. The first 

convolutional layer contains 11 filters and the second layer contains 10 filters. The size of 

each convolutional filter is 5x5 pixels, taking 1 pixel strides horizontally and vertically 

across the image. The average pooling layers each have pool size of 2 pixels. These 

parameters have been determined through a heuristic search. The fully-connected layer 

has four outputs: chewing, drinking, breathing, and speaking. 

 

  
(a)    (b) 

 
(c)    (d) 

Fig. 22. Spectrograms generated from S21 parameter of (a) chewing, (b) drinking, (c) breathing, and (d) 

speaking. 
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Fig. 23. Architecture of CNN used to classify neck-related activity spectrograms. 

 

10 training spectrograms are randomly sampled from the total 20 second 

measurement for each trial of each activity for each test subject. The total number of 

training images is then 10 samples x 4 trials x 4 activities x 6 test subjects = 960 images. 

80% of the total measurement data is used to train the network and the remaining 20% is 

used to validate the network’s performance. This validation accuracy is calculated by 

dividing the number of correct outputs by the total number of outputs, as described in (8), 

where A is the accuracy, C is the correct number of answers, and I is the number of 

incorrect answers. All networks have 0 < A < 1, where A = 1 is a perfect network 

accuracy, and A = 0 is a lousy network accuracy.  

 𝐴 =
𝐶

𝐶 + 𝐼
 (8) 

For the training, we have two scenarios. The first one is to use data from all 

subjects for testing and training. In this case, after randomly mixing the whole data, we 

divide them into training data (80%) and test data (20%). The second case is to use data 

from four subjects for training and to use data from the remaining two subjects for 

testing. After training, we calculate the percentage of correctly classified images in the 

test data, which is the average classification accuracy. For increasing width of the 
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spectrogram time window, the average classification accuracies are calculated. The result 

is shown in Fig. 24. 

The graphs show that the classification accuracy of 91.4% can be achieved for the 

first scenario while 84.5% is achieved for the second scenario with a 5- second time 

window. As the time window increases, so does the classification accuracy. This makes 

sense since a larger spectrogram image would contain more complex features unique to 

the activity that caused them, making the job of classifying the images easier for a 

machine. 

The confusion matrix shown in Table 2 summarizes where the CNN was accurate 

and inaccurate in its results during testing. The horizontal header labels represent which 

activity the data truly belonged to, and the vertical header labels represent the CNN 

classification result. Ideally, this table should look like an identity matrix. 

 

 
(a)      (b) 

Fig. 24. CNN validation accuracy vs spectrogram window width for (a) the first scenario, and (b) the second 

scenario. 

 

 
Table 2. Confusion Matrix for CNN Training. 

Est \True Chewing Drinking Breathing Speaking 

Chewing 81.3% 0% 4.1% 0% 

Drinking 0% 91.7% 6.2% 0% 

Breathing 10.4% 8.3% 89.7% 0% 

Speaking 8.3% 0% 0 100% 
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Conclusion 

In this chapter, the creeping wave S-parameters between two neck-mounted 

antennas were measured for six test subjects. Each subject acted out chewing, drinking, 

speaking, and deep breathing activities for 20 seconds. The S21 parameter data was used 

to generate unique spectrogram images for each activity and test subject. The 

spectrograms were used as training data for a Convolutional Neural Network in an image 

classification approach. For the first validation scenario, the CNN was able to classify the 

activity based on its corresponding spectrogram image with over 90% accuracy for a 5-

second time window, and over 74% with a 2-second time window. For the second 

validation scenario, the respective accuracies fell to 84% for a 5-second window and 65% 

for a 2-second window. 

To improve the neural network accuracy, training with more measurement data 

from diverse test subjects is crucial. A commercially-available version of this technology 

would need millions of training sets to be considered reliable, which could be 

accomplished by recording data as users wear the product throughout its lifetime. 

Altering the neural network parameters like filter size, number of hidden layers, and 

pooling size will also have a significant impact on classification accuracy. 
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CHAPTER FOUR 

Measurement of Around-Body Creeping Waves Using Wearable Sensor Modules 

 

Introduction 

The development of efficient wireless body-area networks (WBANs) heavily relies 

on the understanding of radio wave propagation behavior around and near the human body. 

WBANs may find use in the medical technology field as remote healthcare monitoring 

systems [1], or in the consumer market as personal activity tracking becomes ever more 

popular with devices like the Fitbit® and smartwatches. One particular on-body wave 

mechanism, the creeping wave [14], is of significant concern for WBANs since it is the 

dominant non-line-of-sight wave mode travelling around the human body. 

Around-body creeping waves have been extensively studied in recent years by 

different research groups [7], [25]-[27]. The attenuation constant of the creeping wave has 

been identified by a narrowband measurement, while the travelling speed of the wave was 

determined by wideband measurements. It was also found that the on-body creeping wave 

signals can be used for continuous-time activity monitoring [7]. For the above narrowband 

and wideband measurements, a vector network analyzer (VNA) is commonly used and can 

provide accurate measurement solutions. 

However, the large size, heavy weight, and high cost of a VNA makes it prohibitive 

for any practical field application of wearable technology. Therefore, it is desirable to 

investigate the capability of miniaturized, affordable, wearable sensors in detecting the 
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same information that a VNA can capture while making on-body wave propagation 

measurements. 

Two methods for VNA substitution are proposed in this paper. The first is to use 

the Digi XBee® radio module [28] as a VNA replacement for narrowband scenarios. These 

radios operate at the ISM 2.4 GHz band with 2 MHz of bandwidth and are designed for 

affordability, size, and simplicity. The second method is to use the Time Domain PulsON® 

ultra-wideband (UWB) sensor module [29] to replace the wideband functionality of the 

VNA. PulsON can generate short time impulses with equivalence of 1.4 GHz bandwidth 

in the frequency domain.  

This chapter is organized as follows: the first section establishes baseline on-body 

propagation measurements completed with a VNA.  The second section explores the 

performance of the XBee modules as a narrowband VNA replacement, and the third section 

reports the performance of the PulsON modules as a UWB VNA replacement. The final 

section concludes with a summary and future work to be done.  

 

VNA Baseline Measurements 

To evaluate the proposed new sensor methods, a VNA is first used to take 

baseline measurements for both narrowband and UWB scenarios: first, narrowband S21 

parameters are measured for dynamic around-neck creeping wave propagation; second, 

the wideband S21 is measured for static around-head creeping wave propagation. 

 

Narrowband Creeping Wave Propagation 

Two quarter-wave monopole antennas are attached to the sides of the neck of a 

human test subject, shown in Fig. 25. Two test subjects, one male and the other female, 

are asked to act out an activity for 20 seconds while standing. The activities are chewing, 
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drinking water, deep breathing, and speaking. As the subject is performing different 

activities, 2.45 GHz S21 parameters are recorded using the VNA under the continuous 

time mode. 

Fig. 26 shows the S21 magnitude plotted against time for two test subjects. 

Interestingly, the different activities exhibit different patterns of variation, implying each 

activity causes different perturbations on the around-neck creeping wave propagation. By 

applying a convolutional neural network approach, an algorithm was able to classify the 

activities with more than 90% accuracy. 

 

 

Fig. 25. Narrowband around-neck creeping wave measurement. 
 

 

 
(a)    (b) 

 
(c)    (d) 

Fig. 26. S21 magnitude curves due to (a) chewing, (b) drinking, (c) deep breathing, and (d) speaking. 
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Ultra-Wideband Creeping Wave Propagation 

Next, the same antennas are moved to the left and right sides of the test subject’s 

head, shown in Fig. 27. Wideband around-head creeping wave measurement.. The VNA 

is adjusted to measure the around-head creeping wave propagation for a UWB signal 

from 3.6 to 5 GHz. The test subject does not move for the duration of the experiment. 

Fig. 28(a) shows the measured S21 magnitude against frequency. Its time-domain 

counterpart can be generated by applying the inverse Fourier transform, as shown in Fig. 

28(b). The dominant peak arrives at the receiver antenna 1.308 nanoseconds after leaving 

the transmitter antenna. Since the circumference of the test subject head was measured as 

58 cm, the creeping wave path from transmitter to receiver is half of the circumference, 

or 29 cm. This distance divided by the pulse travel time delay of 1.308 ns results in an 

apparent creeping wave velocity of 2.217×108 m/s. It is found that the around-head 

creeping wave travels slower than the speed of light in free space. 

 
 

Fig. 27. Wideband around-head creeping wave measurement. 
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(a)     (b) 

Fig. 28. (a) VNA scan of frequency from 3 to 5 GHz. (b) Time domain representation of UWB frequency 

scan. 

 

 

Digi XBee Modules 

Digi XBee® radios are small, affordable RF communication modules based on the 

IEEE 802.15.4 wireless standard. These radios have become a common solution for various 

projects involving wireless connectivity. The XBees can measure the received signal 

strength (RSS) of an incoming data packet, which has a value proportional to the S21 

magnitude measured by the VNA. In this work, the Sparkfun® Redboard, based on the 

Arduino open source hardware, is used to power and control each XBee radio.  

 

XBee Scan on Head 

First, two XBee radios are attached to the sides of a human test subject’s neck, as 

shown in Fig. 29. The transmitter (TX) sends the receiver (RX) small data packets at a rate 

of 100 times per second, which the receiver uses to measure the channel path loss. The RX 

then sends the value of the RSS to the collector XBee (CO), which logs the data into a 

nearby computer. 

The first activity measured is chewing, which moves the jaw up and down with a 

certain periodicity. This changing of the environment near the antennas will cause wave 
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disruptions to occur, affecting the power of the signal read by the RX. The results are 

plotted in Fig. 30 alongside a VNA scan of the same activity. 

 

 

Fig. 29. XBees with antennas attached to test subject’s neck. 

 

 

 
Fig. 30. Measured signal strength in dBm between on-neck antennas for chewing compared between XBees 

and VNA. 

 

 

The periodic pattern of the RSS in Fig. 30 shows agreement between the XBee 

and the VNA scans. The vertical magnitude variation is comparable between both curves, 

and the overall shape is similar. The sampling rate and quantization values of the XBees 

are not as highly resolved as those of the VNA, indicated by the unsmooth changes in 

dBm value for the XBee curve.  
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XBee Scan on Torso 

Next, the XBees are placed on the front and back of a test subject’s torso (Fig. 

31). The test subject swings his right arm backward and forward with a period of 2 

seconds. The XBee results are plotted alongside the VNA scan in Fig. 32. The period is 

approximately the same for both curves. However, once again, the VNA can measure a 

much wider range of power levels than the XBees, indicated by the smoother VNA curve 

reaching minimum values around -70 dBm. 

Clearly, there is agreement between the XBees and VNA for the chewing activity. 

The XBees, while not optimized for power level measurements, are still able to perform 

decently well at capturing body motion data. 

 

 

Fig. 31. XBee attachment setup for front of torso—back is similar. 
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Fig. 32. Measured signal strength in dBm between on-torso antennas for single arm swinging compared 

between XBees and VNA. 

 

 

Time Domain PulsON Modules 

While the previous section studied narrowband propagation disturbances caused 

by activities, this section will study the UWB propagation around the head and torso 

without the test subject moving. Time Domain® produces the ultra-wideband (UWB) 

PulsON® 440 radar modules, capable of generating a range detection pulse of 7 ns width, 

which is equivalent to 1.4 GHz of bandwidth from 3.6-5 GHz.  

 

UWB Scan on Head 

The PulsON modules are connected to 4-foot long SMA cables with the 

BroadSpec™ antennas, shown in Fig. 33. Fig. 27 shows how these antennas are 

connected to the sides of a test subject’s head. The transmitter module generates and 

transmits a short pulse, which the receiver then collects and sends to a laptop PC for 

processing. The channel impulse response is calculated by de-convolving the received 

waveform with the transmit waveform template. 

This experiment result is compared to the UWB VNA results from the previous 

section. The phase delay occurring across the human head channel corresponds to time 
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delay information in the time domain. The inverse Fourier transform of the VNA scan is 

plotted alongside the PulsON channel impulse response in Fig. 34. Clearly, there is fair 

agreement between the VNA and PulsON curves.  

 

 

Fig. 33. Time Domain PulsON radar modules with antennas attached with long cables. 

 

 

 

Fig. 34. . Comparison of around-head channel impulse response between PulsON radars and VNA scan. 

 

 

UWB Scan on Torso 

The measurement procedure is repeated with the antennas now placed on the front 

and back of the test subject’s torso, as shown in Fig. 35. The results are shown in Fig. 36. 
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Once again, there is fair alignment between the PulsON and VNA results. The first 

impulse response peak for the torso case occurs at 1.587 ns after the reference time. The 

circumference of the test subject’s torso is 82 cm, so the creeping wave path is 41 cm. The 

creeping wave travel velocity is then 2.584 × 108 𝑚/𝑠. There is a much larger spike in 

amplitude at 9.47 ns after the first spike occurs due to environment multipath effects.  

 
 

Fig. 35. Antennas attached to front and back of test subject torso. 

 

 
 

Fig. 36. Comparison of around-torso channel impulse response between PulsON radars and VNA scan. 
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Conclusion 

In this study, both narrowband and wideband on-body creeping wave propagation 

measurement results were reported. First, a VNA was used to establish the baseline of the 

research. Then, two different types of wearable sensor modules, the Digi XBees and the 

Time Domain PulsON sensors, were studied for their ability to replace the network 

analyzer in a traditional WBAN measurement setup. In both cases, the alternative sensors 

were able to replicate the results of the VNA to a reasonable degree of accuracy.  

Future work in this area should consider developing miniaturized wearable sensor 

systems meant for applications like personal activity tracking and remote health 

monitoring. 
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CHAPTER FIVE 

Conclusion 

 

Summary 

In summary, the human body can support creeping wave modes which propagate 

around curved paths at nearly the speed of light. Path loss and phase delay measurements 

around the head and neck were corroborated with full-wave simulations and a theoretical 

creeping wave model. The radius of path curvature has a substantial effect on the power 

decay of a wave propagating around a body part like the head or neck. Material properties 

of the body part do not affect the wave propagations significantly. 

Creeping waves can be used as a sensing mechanism to detect and distinguish 

daily motions involving the head and neck. The S21 parameter was measured between two 

neck-worn antennas as test subjects acted out four daily activities. A convolutional neural 

network was able to classify chewing, drinking, breathing, and speaking with up to 93% 

accuracy by being fed training images sampled from spectrograms of S21 parameter data. 

Lightweight, affordable sensors including the Digi XBee radio and the Time 

Domain PulsON radar module were used to replace the narrowband and wideband 

functionality of the VNA, respectively. The narrowband operation of the XBee radios 

enabled tracking of bodily motions similar to the continuous, narrowband wave operation 

of the VNA from chapter 2. The PulsON modules were able to recreate the wideband 

propagation effects of the VNA by measuring the short pulse time delay around the head 

and torso. 



 

44 

 

Future Work 

Future work regarding WBANs and wearable antennas must focus on practical 

field applications that enable users to comfortably and easily interface with their wearable 

wireless systems. Design of small, lightweight antennas for wearable purposes is critical 

to achieve this goal. Potential solution candidates for this problem may include textile 

antennas integrated into clothing articles, jewelry dielectric resonator antennas, and 

antennas integrated into commonly worn items like glasses, headphones, and hats. 

Additionally, real-time data classification must be realized for WBANs to be 

useful to any user. The research presented in this thesis relied on post-processing of 

measurement data in MATLAB for all experiments. WBAN systems need to be 

streamlined so the relevant user’s health or activity information is processed 

automatically and delivered to the intended recipient in real time. Data processing could 

occur within the wearable system itself, or on a remote computer which receives the raw 

physiological data from the wearable sensors. 

Finally, RF interference concerns must be addressed. Radiation emanating from 

the WBAN user’s body must propagate with low enough power to not interfere with 

surrounding wireless signals of similar frequencies; if the WBAN operates over ISM 

band spectra, nearby Bluetooth or Wifi systems may be affected. Likewise, these off-

body ISM systems may interfere with the WBAN, since their transmission power is 

designed to be great enough to propagate over several tens or hundreds of feet. Security 

protocol must also be addressed as radiation from the WBAN user’s body will not likely 

be permitted through airport X-Ray machines or near RF-sensitive equipment.  
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