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ABSTRACT
Recent terrorist activities and law-enforcement situations involving hostage
situations underscore the need for effective through-wall detection. Current building
interior imaging systems are based on short-pulse waveforms, which require specially
designed antennas to subdue unwanted ringing. In addition, periodically transmitted
pulses of energy are easily recognizable by the intelligent adversary who may employ
appropriate countermeasures to confound detection. A coherent polarimetric random noise
radar architecture has been developed based on ultrawideband (UWB) technology and
software defined radio, which has great promise in its ability to covertly detect obscured
targets. The main advantages of the random noise radar lie in two aspects: first, random
noise waveform has an ideal “thumbtack” ambiguity function, i.e., its down range and
cross range resolution can be separately controlled, thus providing unambiguous high
resolution imaging at any distance; second, random noise waveform is inherently low
probability of intercept (LPI) and low probability of detection (LPD), i.e., it is immune
from detection, jamming, and interference. Thus, it is an ideal candidate sensor for covert
imaging of obscured regions in hostile environments.
For human activity characterization, different parts of the human body have
different movements when a person is performing different physical activities. Also, there
is great interest to remotely detect human heartbeat and breathing for applications
involving anti-terrorism and search-and-rescue. Ultrawideband noise radar systems are
attractive because they are covert and immune from interference. The conventional timefrequency analyses of human activity (usually including the short time Fourier transform
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(STFT), Wigner-Ville distribution (WVD), and wavelet analysis) are not generally
adaptive to nonlinear and nonstationary signals. If one can decompose the noisy baseband
signal containing human Doppler information and extract only the human-induced
Doppler from it, the identification of various human activities becomes easier. We
therefore propose to use a recently developed method, the Hilbert-Huang transform (HHT),
since it is adaptive to nonlinear and nonstationary signals. When used with noise-like
radar data, it is useful for covert detection of human movement. The HHT based signal
processing can effectively improve pattern recognition and reject unwanted uncorrelated
noise.
In addition, backscattering information about the strong clutter and interference
environment is lacking. Most of the previous through wall studies of radar imaging are
based on the assumption of a light cluttered environment. However, in realistic scenarios,
harsh clutter and multipath environments exist due to furniture, walls, etc. This study
presents the EM modeling, system design, statistical analysis, signal processing, and
experimental results of a realistic indoor environment consisting of real target.
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Chapter 1
Introduction of Random Noise Radar Theory

1.1 Ultra-wideband (UWB) Radar Technology
The information content of UWB radars increases because of the smaller pulse
volume of the signal. For example, when the length of a sounding pulse changes from 1

μ s to 1 ns, the depth of the pulse volume decreases from 300 m to 30 cm. We can say
that UWB radar has better surveillance space and becomes more sensitive. Because the
pulse waveforms have very high fractional bandwidth, the determination of a carrier
frequency is generally impossible. Therefore, these techniques are also known as
baseband or carrier-free transmission techniques [1]. The fractional and relative
bandwidths are defined as Eq.1-1 and Eq.1-2 [2].

Fractional Bandwidth (FBW) =

2 ( fH − fL ) ( fH − fL )
=
f0
( fH + fL )

Relative Bandwidth (RBW) =

( fH − fL )
( fH + fL )

(1-1)

(1-2)

where f H and f L are the upper and lower band edges of the signal, and f 0 is the average
of f H and f L .
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Ultra-wideband radar is defined as any radar whose fractional bandwidth is
greater than 25%, regardless of the center frequency or the signal time-bandwidth
product. Since the radar range resolution cell is sufficiently small, major scattering
centers on the target can be well resolved. Since all radar signals have some target-related
changes when reflected, the problem of detecting this change and uniquely relating it to
the reflecting target is optimally solved using the UWB radar.
The ultra-wideband radar has many advantages. Using wider bandwidth by either
using short duration impulses or nonsinusoidal waveforms can improve the performance
of the radar. UWB radar generally has large absolute signal bandwidth, which it provides
better range measurement accuracy and range resolution, as well as improving radar
immunity to passive interference from rain, fog, aerosols, and metalized strips. UWB
radars have higher probability of target detection and good target tracking stability [3].
The transmit power of UWB radar is much lower compared to narrowband radar. UWB
radars also possess good spectrum efficiency because the UWB architecture enables high
bandwidth transmission in an increasingly crowded spectrum. UWB radars in low
operating frequencies enable the signals to propagate effectively through some materials,
such as bricks and cement, and dense media such as foliage.
Despite a number of advantages, UWB systems have also some drawbacks. The
shortness of the pulse, while gaining a high signal/symbol rate, makes the bandwidth
become wider and reduces the signal to noise ratio (SNR). Wider bandwidth requires
FCC approval and lower SNR requires signal averaging, which then lowers the
signal/symbol rate [4]. The narrow band signal has better Doppler frequency estimation
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than wide band signal. The balance between time and frequency resolution needs to be
considered in the system design.

1.2 Historical Background

UWB signals were investigated by researchers to get as much information as
possible from radar targets. The initial desire was to discriminate between two closely
flying airplanes. The first uses of wideband pulse technology, which is known as milimicrosecond range technology, were made in the 1950s [5].
Pioneering contributions to a topic addressing UWB RF signals began with
Harmuth at Catholic University of America, Ross and Robbins (R&R) at Sperry Rand
Corporation, and Paul van Etten at the US Air Force (USAF)'s Rome Air Development
Center, and Russia in the late 1960s. Many published paper, books and patents by
Harmuth and Ross and Robbins during 1969-1987, initiated the basic design for UWB
transmitters, receivers and the use of UWB signals in a various areas such as
communications and radar [6]. Once the wideband radiating antenna elements were
designed with impulse measurement techniques, it was realized that short pulse radar and
communication systems could be developed with the same techniques. Ross applied these
techniques to different applications in radar and communications [7]. Ross was awarded a
US Patent, which was a milestone in UWB communications, on the 17th of April 1973.
Both Harmuth and R&R applied matched filtering concept to UWB systems [4]. The
development of a sensitive-short pulse and sample and hold receivers accelerated the
system development in UWB field [4, 7].
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By the early 1970s, the basic designs for UWB signal systems existed and no
major obstructions left to progress in improving such systems. Morey designed a UWB
radar for ground penetration in 1974, and other ground penetrating radar designs, such as
Moffat & Puskar, 1976, followed [6]. During 1977-1989, the USAF (US Air Force)
organized a program in UWB system development directed by Col. J. D. Taylor. By the
year 1988, parallel to the progress in US, former Soviet Union/Russian Federation and
China made significant progress in UWB. Starting with the conference at W.J Schafer
Associates in 1988 and one at LANL in 1990, there have been many meetings on impulse
radar in addition to numerous books on the same subject [6]. Even though researches
referred to these techniques as “ultra wideband”, this technology was alternately referred
to as baseband, carrier-free, or impulse until approximately 1989. The term “ultra
wideband” was applied by the U.S Department of Defense in 1989. By that time, UWB
theory, techniques, and applications had experienced about 30 years of extensive
development [7].
Before 1994, many of the UWB projects especially in the area of impulse
communications were performed under confidential U.S. Government programs. Since
1994, no classification restrictions have been applied to many of the UWB projects, and
the development of UWB technology has significantly accelerated [7]. In 1994, T.E.
McEwan at Lawrence Livermore National Laboratory (LLNL) developed the
micropower impulse radar (MIR) which was the first UWB radar operating with ultralow
power, only microwatts. MIR systems provided useful solutions to short-range sensing
and communication problems. From 1990 on, the US Defense Advanced Research
Project Agency (DARPA) supported UWB radar programs.
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Today, hundreds of patents, papers, books, and bibliographical references are
available on all aspects of UWB technology [7], and UWB technology is being used in
many radar applications, such as ground penetrating radar (GPR), through wall radar
(TWR), foliage penetration (FOPEN) radar, and synthetic aperture radar (SAR).

1.3 Random Noise Radars

The difference between the random noise radar and conventional radars is that the
random noise radar, also known as random signal radar (RSR), uses random or randomlike noise waveform as the transmit signal. Because it uses truly random waveform as the
transmit signal, random noise radar provides good electronic counter countermeasure
(ECCM) capability, very low probability of intercept (LPI), and counter electronic
support measure (CESM) capability [8]. Since the early 1950s random noise radars have
been used for many areas, such as range profile measurement, detection of buried objects,
Doppler estimation, SAR and ISAR imaging, etc. [9].
Random noise radar was first used by McGillem, Cooper, and Waltman during
the period 1965-1975 [2, 8]. They developed four X-band radars to verify the random
noise theory and demonstrate its feasibility. Since the technology to realize a complicated
system was lacking, the progress in random noise radar technology took a long time.
With the progress in solid state microwave techniques and VLSI, the realization of the
random noise radar became easier. Random noise radars are now used for a number of
military and civilian applications. Because random noise radar has excellent ECCM and
CESM capabilities, it provides great advantage in military applications.
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1.4 UWB Random Noise Technology

The concept of UWB random noise has seen significant development in recent
years based upon the research by the R.M. Narayanan and his graduate students [10]. In
comparison to conventional radar which transmits short pulses or frequency modulated
waveforms, a UWB Noise Radar transmits an ultra-wideband noise waveform towards
the target. The backscatter from the target is cross-correlated with a time-delayed replica
of the transmit waveform. Since the transmitted signal is not deterministic, a correlator is
required in the receiver of the noise radar. It is known mathematically that both the
matched filter (used in conventional radars) and the correlator operations are alike and
yield the same output signal-to-noise ratio (SNR). The correlator maximizes the output
SNR and helps in determining the location of the target and its range.

Figure1-1: Simplified block diagram of a noise radar system.

A simplified block diagram of the UWB Noise Radar is shown in Figure1-1. A
noise generator produces the noise signal X(t), which is transmitted via the antenna
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towards the target. A delayed replica of the transmitted signal Xd(t), is produced using
fixed and variable delay lines. The delay is denoted as td. Thus, Xd(t) = A1X(t-td), where
A1 is an amplitude scaling parameter. Let the target be at a range Ro from the radar. The

time taken for the signal echo to return from the target is to = 2Ro/c, where c is the speed
of light. The received signal from the target is Xr(t) = A2X(t-to), where A2 is another
amplitude scaling parameter. The cross-correlation between the Xd(t) and Xr(t) is denoted
as Rxx(T) = E{Xd(t)Xr(t)}, where E{·} is the expected value. Thus, we obtain Rxx(T) =
A1A2E{X(t-td)X(t-to)}, where T = to-td. In other words, Rxx(T) will have a maximum at T =

0, i.e., when to = td, or when the round-trip time to the target exactly matches the internal
delay. The condition that T = 0 therefore occurs when the transmitted and the received
signal waveforms are identical assuming non-dispersive media and non-dispersive target.
The range resolution of this radar is given by ΔR = c/2β, where β is the bandwidth of the
transmitted signal. For a UWB waveform, excellent range resolution can be achieved. As
an example, a 250-MHz bandwidth yields a resolution of 60 cm or 2 feet, adequate for
isolating individual humans.
The system does not respond to interfering or jamming signals since these signals
are generally uncorrelated with the transmitted noise waveform. If the interfering or
jamming signal is Y(t), the correlator output is given by E{Xd(t)Y(t)} = A1E{X(t-td)Y(t)}
→ 0 upon invoking the uncorrelated assumption.
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Figure1-2: Comparison of impulse or short-pulse (top), linear frequency modulated (middle),
and random noise (bottom) waveforms in the time domain. The non-repeatable features of
the noise signal compared to the others make it harder to be detected and jammed.
Low-Probability of Interception (LPI) or covertness is an important requirement
for law enforcement systems in order to confound the electronic intelligence and
detection capability of today’s technologically sophisticated adversary. The UWB
random noise radar achieves a low probability of detection (LPD) by the temporal and
spectral characteristics of its signal. Not only is the signal difficult to recognize due to its
non-repeatable features as seen in Figure1-2, but it cannot also be jammed since the
correlator output will not respond to the jamming signal. Furthermore, the probing
waveform is spread over a wide bandwidth making it virtually impossible for
conventional narrow-band jammers to interfere with the system operation.
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1.5 UWB Through-Wall Radar

Through wall imaging technology has been developed for many years. In the late
80’s, there was some research related to earthquake survivor search. The original idea
was to detect the human heartbeat and respiration by using narrow band radar system.
The radar system was simple and just had some simple digital signal processing
technology. By the end of 1990’s, Time Domain Corporation [11] started their business
to develop the first UWB through wall radar system. At the same time, the Department of
Justice and Department of Defense also conducted a lot of research on wall penetrating
radar technology. Radar Vision II was released by Time Domain Corporation in 2004 has
human tracking (moving and stationary person), standoff detection and some other
advanced functions. However, there are many more ideas that can be implemented in the
next generation radar systems. There are currently several companies and countries
(Canada, British, Israel,. etc) that are speeding up their research in this development, and
some of them have released their prototype radar system and made improvements
continuously.
An example of using a 250-500 MHz random noise radar system built at the
University of Nebraska for wall penetration imaging applications is shown in Figure1-3
[12]. The geometry is shown on the left. The radar system was placed in one room, while
a trihedral reflector was placed in another room behind the wall. Other arrangements in
the laboratory rooms also served as targets. A synthetic aperture was obtained by moving
the radar along a straight line path as shown by the arrows in the figure. The resulting
image of the wall obscured trihedral reflector and other targets, seen on the right, clearly
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demonstrate the good wall penetration imaging capability of the random noise radar
system.

Figure1-3: Geometry (left) and wall penetration image (right) using a 250-500 MHz
random noise radar constructed at the University of Nebraska [12].
A simulation study was performed in order to locate a human at a distance of 10
m behind a brick wall of thickness 50 cm using the coherent noise radar technique
described in section 1.4. The dielectric constants of brick and human were assumed to be
9 and 81 respectively. From Figure 1-4, we can clearly see that there are two peaks at
ranges of 19.5 m and 28 m. The first peak yields the position of the front of the wall and
the second peak yields the position of the human. Of course, both peaks look alike and
thus this technique can only detect the presence of a target at a particular range without
being able to recognize or identify a human from the data.
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Figure1-4: Wall and human position as observed by a coherent random noise radar.
1.6 Motivation and Organization of the Research

The Pennsylvania State University has developed a UWB through wall radar
(TWR) which uses wide band random noise as its signal waveform. The random noise
radar system operates over 350-750 MHz frequency range and has a transmit power
spectral density of −0.22 dBm/MHz. The software defined radio concept has been used
in this system design. Novel digital signal processing technology will be studied and
applied into the system. The measurements and analysis of system will be presented in
the thesis.
Chapter 2 provides the EM modeling of walls and human body that we are using
for radar system design and evaluation. Those models are important for the radar system
design in the starting stage and support the continuous improvements on the current
system. It also provides ideas of frequency and polarization selections of the noise
waveform.
Chapter 3 explains the proposed implementation of the UWB through wall
random noise radar. It first introduces the software defined radio concept to show the
importance of the high sampling rate analog to digital converter to avoid the information
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loss or distortion in a traditional radar system. The detail description of RF front-end
design of the radar system is presented in this chapter.
Chapter 4 describes the detection of human position behind the wall. It gives the
simulations and experimental results of human position changing behind the wall, also
comparing the receiver of characteristic (ROC) results by transmitting powers, wall
dielectrics, and antenna 3-dB beamwidth. In addition, the analysis of RF interference
level and optimal decision rule are contributed to the design of locating human position.
Chapter 5 presents the technology of room target identification. RCS
measurement of indoor targets is important for the through-wall radar design. If we wish
to map the building, we are also interested to know what is inside the building. We
believe the RCS of furniture at different incidence angles will be different from that of a
human body. A novel study of RCS changes during the scan is helpful for target
identification and separation from clutter.
Chapter 6 shows the time-frequency detection of Doppler shifts caused by human
activities, e.g. walking, breathing, and heart beating. Several conventional detection
algorithms are discussed and experiment results are introduced. A new detection
algorithm, Hilbert-Huang Transform (HHT), is applied to the detection of human
activities behind the wall for the first time, to our knowledge. The human signatures are
characterized by this new HHT application.
Chapter 7 concludes the research of UWB through wall noise radar. The ideas of
a future portable system design are provided. All the designs and implementations are
based on the contributions of this thesis.

Chapter 2
Model and Measurement of Electromagnetic Wave Through Wall

2.1 Microwave Through Wall Analysis

Before starting the system design, the characteristics of microwave through wall
propagation should be known. The model based analysis focuses on the signal attenuation,
phase change, frequency and polarization selections. Many previous through wall
projects failed because the designer did not realize the problems of microwave
propagation through the wall [9]. The composition and thickness of the wall, its dielectric
constant, and angle of incidence all affect a signal propagating through the wall. The
propagating signal slows down, encounters refraction, and is attenuated when it passes
through the wall. Non-line of sight propagation happens due to refraction, and waves
slowing down will cause a lateral bias in target location. The phase change caused by
propagation delay will also introduce information loss in both target range detection and
Doppler detection. Interference levels are also related to the polarization difference of
microwave which is discussed in Section 2.4. We will analyze the through wall
propagation based on EM modeling. The selections of an optimal waveform frequency
and polarization are discussed in this chapter. Dielectric properties of body tissues and
human EM modeling are also presented.
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2.2 Signal Attenuation

Most walls are composed of concrete, brick, or wood. These materials are lossless
to a low frequency microwave. By inserting the dielectric constants from Table2-1 into
the attenuation constant formula Eq.2-1, it is easy to note that these materials’ attenuation
constants are close to zero. The attenuation is approximately zero when thickness z is
small. The attenuation constant conversion to decibels (dB/m) is obtained by Eq.2-2. The
attenuation conversion to decibels (dB) is obtained by Eq.2-3.
Table2-1: Dielectric constant ε r and conductivity σ c of common materials [13]
Material

εr

σ c ( mS / m )

εr

σ c ( mS / m )

Air

1

0

Dry Clay

3

1-10

Metal(iron)

1

108

Saturated clay

15

102 - 103

Fresh water

80

1

Rock

4-10

Sea water

81

4 × 103

Dry granite

5

10−3

Dry sand

3

10−4 -1

Wet granite

7

1

Saturated sand

25

10−3 -10

Limestone

4-8

0.5-2

Dry soil

2-6

10−1 -1

Wet sandstone

6

Wet soil

5-15

10−1 -10

Dry concrete

6

1

Clays

5-40

2-1000

Saturated

12

108

Material

concrete

15
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α in dB m = 20log10 (α )

(2-1)

(2-2)

Attenuation = 20log10 ( e −α z ) = 20 ( −α z ) log10 ( e ) = −8.68 (α z )
(dB/m)

(2-3)

Using this result, we can assume most of the energy lost during the transmission
through the wall is due to multiple reflections on the interfaces of different materials in
the wall. Figure2-1 presents the wave propagation through the wall. Eq.2-4 represents
incident electric field component E i , Eq.2-5 represents reflected electric field component

E r and Eq.2-6 presents transmitted electric field component E t , respectively. E0 is the
amplitude of incident electric field and it is polarized in the x direction. Γ and Τ are used
here to represent the reflection and transmission coefficients at the interface, respectively.

β is phase constant (rad/m) and aˆ x is unit vector in the x direction.
E i = aˆ x ⋅E0 ⋅ e − jβ z

(2-4)

E r = aˆ x ⋅Γ ⋅ E0 ⋅ e + jβ z

(2-5)

E t = aˆ x ⋅Τ ⋅ E0 ⋅ e − jβ z

(2-6)

The simulation model of microwave propagation is based on Figure2-1. Since the
incident fields are linearly polarized and the reflecting surface is planar, the reflected and
transmitted fields will also be linearly polarized. Because we do not know the direction of
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polarization of reflected and transmitted electric fields, they are assumed here to be in the
same direction as the incident electrical fields. Multipath behind the wall here is not
considered because UWB radar has very good immunity from multipath effects due to its
high resolution capacity.
d

ε1 , μ1,η1
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ε 2 , μ2,η2

η2 − η1
η2 + η1

Γ21 =

z = −d −

z = −d +

η1 − η2
η1 + η2

ε 3 , μ3,η3

Γ23 =

η3 − η2
η3 + η2
z = 0−

z = 0+

z = −d
z = 0

(a)
d

1
Τ12 Γ 23Τ 21e − j 2θ
Γ in ( z = − d
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Τ12

Γ 23Τ 21e − j 2θ

Τ 21e − jθ

Γ 23Τ 21e − jθ
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Γ 21Γ 23Τ 21e − j 2θ Γ 21Γ 23Τ 21e − j 3θ

)

Τ12 Γ 21Γ 2 23Τ 21e − j 4θ

Τ12
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Γ 2 21Γ 2 23Τ 21e − j 4θ
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Τ 32

z = −d +
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z = 0+

z = 0

(b)

Figure2-1: Impedance, reflection and transmission coefficients for wave propagation in a
dielectric wall (a) Dielectric wall (b) Reflection and transmission coefficients.
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2.3 Frequency Selection

According to FCC rules, through wall imaging systems must be operated below
960 MHz or in the frequency band 1.99-10.6 GHz. The system resolution is governed by
the operating bandwidth (B), and is given by (c/2B), where c is the speed of light. Higher
frequencies permit the use of smaller antenna, but these frequencies do not easily
penetrate walls and boundaries. Low frequencies, on the other hand, are able to penetrate
walls but require larger antennas with wider beam widths. Azimuthal resolution can be
obtained by forming a synthetic aperture. Our proposed system operates over the 350–
750 MHz band, yielding a range resolution of 37.5 cm, and is sampled using a 1.5 GHz
analog to digital converter (ADC).
Microwave through wall loss was measured from 400 MHz to 2600 MHz. The
dielectric constant of the wall was unknown, but we measured the attenuation by using
two antennas and a network analyzer. The thickness of the wall is 10 cm. From
Figurere2-2 and Figure2-3, we summarize the results in Table2-2. From Table2-2, we
can find the lowest loss occurs over 450–750 MHz and highest loss occurs over 900–
1500 MHz. The loss over two bands, 750–1000 MHz and 1500–2600 MHz, are almost
identical and are acceptable for through wall penetration. Thus, the frequency band below
750 MHz is chosen based on these measurement results.
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Table2-2: Wall loss constant at different frequency bands
Frequency (MHz)
Loss (dB/cm)

450-750
0.0052

750-1000
0.27

400-1000

900-1500

1500-2600

900-2600

0.136

0.5

0.27

0.35

Figure2-2: Propagation loss measurements for 450 MHz to 1050 MHz.

Figure2-3: Propagation loss measurements for 900 MHz to 2600 MHz.
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Through wall loss by using a wideband random noise generator was also
measured. The average loss at 1.5 GHz of the 1–2 GHz noise signal was 0.14 dB/cm,
shown in Figure2-4.

(a)

(b)
Figure2-4: (a) 1.05 – 2.00 GHz, no attenuation, -27.53dBm at 1.5GHz. (b) 1.05 – 2.00
GHz, >1dB attenuation, -28.93dBm at 1.5GHz
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The attenuation for a UHF (below 1000 MHz) noise signal through the wall is
very small. From the spectrum analyzer measurements, the average loss at 750 MHz
through a 10-cm wall is less than 0.06 dB/cm, shown in Figure2-5.

(a)

(b)
Figure2-5: (a) 450 – 1050 MHz, no attenuation, -13.53dBm at 750MHz. (b) 450 – 1050
MHz, <1dB attenuation, -14.13dBm at 750MHz.
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We can only consider the power loss from the direct path. We can also see that
wideband noise generated from the noise source has better attenuation immunity than a
narrow band sweep frequency signal generated by the network analyzer.
The attenuation from the wall was measured and the results correspond to our
assumption that lower frequencies more easily penetrate the wall. Additionally, it would
be beneficial to have measurements of a UWB wave propagating through a wall with
rebars. Such measurement results are already published in several reports and papers [14]
[15] [16]. In walls with rebars, a low frequency UWB waveform has lower attenuation
and less periodic reflections compared to high frequency UWB waveform.

2.4 Polarization Selection

In the tests, we found that the antenna polarization affects the detection results.
Interferences from the transmit antenna and indoor clutter are serious problems for our
current radar system. A random noise signal is difficult to estimate and thus data
subtraction has only a limited ability to cancel out the interferences. The only way to
compensate for these interferences is to find the optimum polarization for both transmit
and receive antenna. Scattering parameter measurement ( S21 ) is a good method to
determine the optimal polarization of the transmit and receive antenna. A time domain
measurement is more important than a measure of S21 in the frequency domain, because
the position of interferences on time axis are clearly seen. This also provides more system
information and gives a quantitative analysis of the unseen effects.
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The experiment setups included a network analyzer, a pair of wideband antennas
and a large sized metal wall. The S21 measurement provided information on RF
propagation, target reflections, and antenna coupling. At a certain distance, metal wall
will reflect most of the propagated microwave back to the receiver and provide a reliable
measurement result. In order to record S21 with different polarizations, we rotated the
transmit and receive antenna from 0D − 90D (Horizontal-Vertical). The time-gated data was
recorded every time the antennas were rotated. Three different sets of data were recorded:
metal wall reflection without background subtraction, background reflection, and metal
wall reflection with background subtraction.
The original metal wall reflection measurements are presented in Figure2-6 where
the X-axis represents sample-points and the Y-axis represents the ratio of receive signal
and transmit signal. The delays in the cable and instrument are about 40 ns and the timegate is from 40 ns to 80 ns. With a time-gate of 40 ns, the detectable range is about 6
meter. From Figure2-7, the horizontal polarization (red line) is seen to have a better
quality in received signal and it also has less coupling. If we only look at background
measurements, minimum coupling occurs at 0D and the 90D measurement gets the largest
amount of the transmit coupling.
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Figure2-6: Measurement of metal wall reflection without data subtraction.

Figure2-7: Time-gated measurement of indoor environment without data subtraction.
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Figure2-8 shows the metal wall reflection measurements with background
subtraction. Strong couplings occur at sample-point 240 in Figure2-6 but are suppressed
in Figure2-8. The highest peaks in Figure2-6 are decreased after background subtraction.
Figure2-9 and Figure2-10 are the Log magnitudes of metal wall reflections. Coupling
occurs very close to the metal wall reflection. After data subtraction, the couplings are
suppressed and the metal wall reflections are clearly seen. However if the target is a
human body or another non-metal target, the residue of the subtractions may still be
larger than the reflections from the target. From the measurement results presented in this
section, the antenna in our radar system was designed to use H-H polarization.

Figure2-8: Time-gated measurement of indoor environment with data subtraction.
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Figure2-9: Log magnitude of time-gated measurement of indoor environment without
data subtraction.

Figure2-10: Log magnitude of time-gated measurement of indoor environment with data
subtraction.
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2.5 Dielectric Properties of Body Tissues and Human Simulation Model

EM human body modeling is also very important to the system design. In our
through wall simulation, we need good EM human body models to perform the receiver
analysis. The study of the human body’s dielectric properties helps us calculate its
waveform reflections. EM waves have different propagation delays and signal
attenuations when passing through different body tissues. The complete human reflection
model is also related to the definition of human radar cross section (RCS). The advanced
analysis of human body RCS is discussed in Chapter 5. In this section, another point of
view is presented to describe human body reflections with many parameters. The human
reflections are defined in Eq.2-7.
p

Rhuman

reflections ( t ) = Ah ⋅ ∑ Atttissues ( l ) ⋅ Tx ( t − l + 1)
l =1

(2-7)

where
Rhuman

reflections

( t ) =Received human body reflections;

Ah =Actual human target illuminated area;
Atttissues = Attenuations in different tissues;
Tx = Transmitted signals arriving on tissues;

l = Delays;
p = The last delay;
Because the contributions of different tissue properties are considered in this
model, the actual illuminated area is used instead of the ideal human RCS (1 dBsm). The
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body dielectric properties are from [17] and [18]. Figure2-11 is the model of EM wave
propagation in the human body. From this simple model, we find the dielectric properties
of various tissues in our operating frequency range. Because the measurement is done by
a sweep frequency system, the results in the selected frequency range need to be averaged.

Figure2-11: Model of EM propagation in human body.
From the wave propagation model in Figure2-11 and the attenuation
measurements from the references, the parameters for Eq.2-7 can be obtained in Table2-3.
Assigned shifts in the memory are based on the sampling rate of the ADC. Our current
sampling rate is 1.5 GHz: one shift in time is 0.67 ns. This step delay is very small and is
better than a conventional simple digital delay line that has a wider delay step. A short
range detection system can not have a very wide step delay because the range information
of the scanning area can only be represented by a few data points. From this narrow delay
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step, the sampling interval between two data points can be represented as 20 cm in the
receiver display, and target reflections can be described by several delayed shifts.
Table2-3: Parameters of human tissues
Propagation Assigned Shifts

Attenuation

Attenuation

Delay (ns)

(Counts)

(dB)

(Amplitude)

Air

0.1

1

8 dB

0.39

Fat

0.2

1

12 dB

0.2511

Muscle

1

2

15 dB

0.178

Cartilage

1.5

3

20 dB

0.1

Lung

1.75

3

35 dB

0.0178

Trunk

2

3

70 dB

0.000316

2.6 Summary
In this chapter, the basic research of EM propagation and human body models are
presented. Although there are other through wall radar system designs with higher
frequencies and wider bandwidth, our system has novel design features and has overcome
challenging problems for a low frequency (below 960 MHz) UWB system. The entire
system design and performance analysis are presented in the subsequent chapters.

Chapter 3
Random Noise Radar System Design and Digital Receiver

3.1 Digital Noise Radar Design
There are a few through wall radar systems in the world. Most of them are still in
the research stage and UWB radar is believed to have the best ability to track the human
position behind the wall. Current through wall radar systems need to be hand held or
carried by person for indoor operation and new technology must be exploited to make
this happen. Our proposed radar system is a UWB design for future applications that
applies new concepts and devices. Software defined radio, FPGA based receiver, UWB
antenna, digital delay-line and correlator will be discussed in this section.

3.2 Software Defined Radio Concept
Systems built on existing technology for through-wall sensing for anti-terrorism
and earthquake rescue applications are heavy and inconvenient to deploy and operate in
the field. The software defined radio (SDR) concept has provided a novel solution for
advancing current technology to a new generation of systems that import appropriate
digital techniques. The software defined radio first proposed in 1989 [19] and it has been
widely used in new wireless technology, such as third generation mobile phone, global
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positioning systems (GPS), and other personal communication tools. SDR techniques
have also provides new ideas for the design of modern radar systems that are reliable,
compact, and light-weight [20] [21]. Considerable improvement in system performance
has been observed compared to conventional radar.
The model-based approach minimizes the differences between simulation and the
measurement by using the SDR concept. Such architectures can be realized by powerful
analog-to-digital converters (ADCs) and state-of-the-art digital signal processing (DSP)
technology. Unlike traditional radar systems, the radio frequency (RF) front-end circuits
and analog delay lines can be replaced by digital integrated circuit components. The size
and weight of the radar system can be reduced and power can be saved.
While radar technology is mature, implementation of short-pulse or wideband
frequency-modulated radar systems is relatively expensive for through-wall surveillance
(TWS) applications. Furthermore, such systems are easily detectable by today’s technoterrorists. To confound detection, ultrawideband (UWB) random noise radar technology
is an ideal solution. The technique works by transmitting a random noise waveform and
cross-correlating the reflected echoes with a time-delayed (to obtain range information)
and frequency-shifted (to ensure phase coherence) replica of the transmit signal. Random
noise signals are inherently difficult to detect and jam. Since UWB radars used for TWS
applications are typically in the UHF range (350–750 MHz) for good penetration through
walls and building materials, chip-based arbitrary signal generators can be used as noise
sources and digital radio frequency memory (DRFM) technology can be used for timedelay implementation, thereby achieving a total digital radar solution. The 400-MHz
bandwidth will yield an acceptable 37-cm range resolution. The major challenge is to
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develop a simplified architecture which will reduce cost without sacrificing performance.
Preliminary simulations indicate that we can use 2-bit signal quantization which would
permit more rapid range scanning by the DRFM [10].
A typical system block diagram of a digital noise radar is presented in Figure3-1.
Using a two channel ADC, the analog signals from the transmitter and receiver can be
digitized independently and saved into the flash memory. A variable digital delay line is
used for achieving transmit signal delay. In this architecture as depicted, we note that the
entire received signal waveform after the antenna is digitized and saved into memory.
Digital filtering, FFT, complex digital correlation, and other signal processing can be
done in real-time by the FPGA based receiver board or off-line by the laptop computer.
By continually adjusting the operating parameters to adapt to the environment, we can
obtain more accurate results and refine our data model more easily.

Figure3-1: Typical system block diagram of a digital noise radar. The digital correlator
provides the complex cross-correlation between the time-delayed A/D-converted transmit
waveform and the A/D-converted receive waveform.
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3.3 FPGA Based Receiver
The advantage of using FPGA for space communication and new radar systems is
its fast computation ability and the fact that the system can be integrated on board. The
control language of FPGA is VHDL or Verilog. The main work of the language is to
assign the memory use the timing control and logic gates for different functions can be
built. Xilinx and some FPGA companies have developed many software products that let
the user design the system diagram by drawing system blocks and adjusting the
parameters. The software will translate the system block diagrams into VHDL. That will
save a lot of design work. One can also buy some assist design tools to help one debug.
Digital signal processing (DSP) by using FPGA technology is the current trend. Building
blocks such as digital filter, FFT, digital correlation and digital frequency up/down
conversion can be realized using FPGA. The main function of FPGA not only controls
several IC chips, but also contains very powerful system integration ability. The
followings are few of the advantages of FPGA.
(1) Software defined radio can be realized by updating the system driver.
(2) DSP by using FPGA can deal with large data throughput.
(3) Total system price can be reduced.
(4) Fast computation ability can have real time response.
(5) Phased array antenna can be controlled by FPGA.
The current limitations of FPGA based receiver for the radar system may be overcome in
the future. First, the ADC sampling rate on current FPGA board was too low and only
had 200-MHz sampling rate in 2004. But in September 2005, Pentek announced its new
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digital receiver model 6826 that has a 2-GHz sampling rate ADC for each channel. This
model is an ideal high-speed data acquisition front end for real-time recorders, digital
receivers and DSP systems.
Fortunately, we also got the support from Acquisition Logic Inc, which produces
a state-of-the art digitizer board. Their new released product, AL83G board shown in
Figure3-2, has 1.5-GHz sampling rate per channel. Two analog input signals are sampled
with 8 bits resolution at a rate of 1.5 GHz. The resulting data streams are fed to a
programmable logic (FPGA), where they can either be processed in real-time or stored on
on-board memory. The resulting data are transferred to the host PC's main memory over a
64 bit/66 MHz PCI bus by using direct memory access (DMA). Two Channel test result
is shown in Figure 3-3, after carefully checking the quantization level of the ADC and
adding a low noise amplifier. A 750-MHz sine wave and DC–500-MHz noise signals are
used as input reference signals. From Figure 3-3, we can clearly see that the 750-MHz
signal is sampled by a 1.5-GHz ADC and its plot is like a triangle wave as we expected.
Its frequency response is a peak at 750 MHz. Noise signal is correctly sampled in both
time and frequency domain. From DC to 500 MHz, we can see a nearly flat power
spectrum with some higher values from 400 MHz to 500 MHz.
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Figure3-2: Acquisition Logic 3 GHz Two Channels Digitizer AL83G.

Figure3-3: Test of Digital Receiver.
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3.4 UWB Antenna and RF Front-end Design

3.4.1 UWB Antenna
Our proposed through wall radar system will apply software defined technology,
which means that the ADC will pick up the signals directly from the receive antenna.
Thus, the choice of a UWB antenna is very important. We did not design a UWB antenna
for the through wall system but selected and purchased a reliable and cheap UWB
antenna for our purpose. From the UWB antenna design history, the planar antenna is the
best candidate for a portable system. Their minimum element size can be 0.15 λ . If we
have a 250–750 MHz system, our antenna size will be around 18 cm compared to its half
wavelength of 60 cm. For the experimental system design, other directional antennas can
be chosen for testing. In this section, several candidate antennas will be introduced.
We surveyed the market and identified the Log Periodic Yagi (400–1000 MHz)
antenna, shown in Figure3-4. From our tests, it was found that this antenna has very good
performance over our operational frequency band. Actually, it was observed that it
provided an extended bandwidth of 50 MHz beyond the mentioned lower cutoff
frequency of the antenna. Their maintenance free construction on rugged FR-4 material
boasts of the added advantages of tuning-free, non-fragile antenna elements. The small
size and wide bandwidth makes them ideal for feeding reflector antennas such as the
easily constructed corner reflectors or parabolic grids. This antenna also features an SMA
Female connector, and their wide bandwidth characteristic ensures total reliability within
their respective ranges.
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Figure3-4: Log Periodic Yagi 400 – 1000 MHz antenna.

3.4.2 Antenna Stand
Figure3-5 shows our customized design for an antenna stand. The antenna stand
has an adjustable antenna height with a rotating holder, which helps us change the
polarization of the antenna as required. Our configuration is that of a quasi-bistatic radar
and using this antenna, it is possible to flexibly adjust the horizontal distance between
transmit and receive antennas. The antenna holder is made of good electric insulator
material that will not affect the antenna pattern and polarization. The antenna stand is
made of wood and does not cause strong reflections from the surface. This design of our
antenna stand is being used for many measurements of the through wall radar
experiments. A rail-guided antenna stand system can also be designed based on this
simple design.
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Figure3-5: Antenna Stand Design.
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3.5 RF Front-end Design
The RF front-end design of the radar system includes several RF devices.
Transmitter RF front-end design includes a noise source, a 0D power splitter, a bandpass
filter and a power amplifier. Receiver RF front-end design includes a low noise amplifier
and a bandpass filter. There is no mixer needed for frequency down-conversion. The high
sampling rate digitizer can sample the RF waveform from the output of the RF front-end
directly and meets the required Nyquist rate that avoids aliasing.

3.5.1 Noise Source
The random noise source that provides a wide-band noise signal in DC to 1500
MHz frequency range is a commercially available component that provides an output
power of +10 dBm with flatness ± 2 dB. The detailed specification of the noise source is
given in Table3-1 and the measurement is in Figure3-6. Our actual frequency range is
350–750 MHz and we do not use a bandpass filter here to reshape the waveform
frequency. The power amplifier and UWB antenna can provide the function of bandpass
filtering. The flatness in the pass-band is not changed and this is close to the theoretical
assumption of the noise waveform. The signal is fed to a power amplifier through a 3-dB
power splitter.
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Table3-1: Specifications of noise source
Frequency Range

100 Hz-1.5 GHz

Power output

Output Power

(dBm)

Spectral Density (dBm/Hz)

+ 10

-82

Flatness

± 2 dB

Figure3-6: Power spectrum measurement of 100 Hz – 1.5 GHz noise source.
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3.5.2 Power Amplifier (PA)
The effective detection range of through wall radar is determined by the power
output of the wideband PA. A high dynamic range wideband PA is good for the longdistance detection but the power consumption and the maximum radiation power of the
wideband PA need to be considered. FCC has a rule for the maximum UWB radiation
power in different frequency ranges and the maximum power of our transmitter is lower
than this limitation. The frequency range of our wideband PA (Model ZRL-700) is 250–
700 MHz and it has maximum gain of 27 dB. The output at saturation and at 1-dB
compression point are +25.8 dBm and +24.8 dBm respectively. The estimation of total
input power at power amplifier is +4 dBm. To avoid clipping and saturation effects in the
transmitted waveform, the maximum output of the amplifier may not exceed +23 dBm
and an attenuator is applied to avoid these effects from happening. These parameters are
listed in Table3-2.

3.5.3 Low Noise Amplifier (LNA)
The received power from the target reflections needs to be higher than the
quantization level of the ADC. If the received power level is lower than the quantization
level of the ADC, the target signal cannot be represented and only the interference from
the output of the correlator will be sampled. The frequency range of the low noise
amplifier (ZX60-3018G) purchased from minicircuit is 20 MHz–3 GHz. The output at
saturation and at 1-dB compression point are +12.8 dBm and +11.8 dBm respectively.
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The gain of the LNA is 22 dB over 400 MHz–1 GHz. From the measurement result of
human target reflections from 3 meter, we understand that the power of the received
signal from the human body is too low and it is only -42 dBm, shown in Figure3-7. We
need to cascade two LNAs with a total gain of 44 dB to provide adequate power for the
minimum quantization level of the digitizer. The effective detection range is improved by
this LNA cascade design.

Figure3-7: Power spectrum of the receive signal.

3.5.4 Bandpass Filter (BPF)
The purpose of using a bandpass filter is to reject the out of band interference
before received signal enters the digitizer. The digitizer is very sensitive to the noise and
is easily contaminated by the RF interference. The BPF can also prevent the high
frequency interference entering the digitizer and avoid the frequency-aliasing. Low
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frequency noise can also be suppressed and it will not affect the correlation in the
receiver. The cost of high rejection BPF is very expensive. Here, we use a low rejection
BPF to reject most of the out of band interference first, and then a digital filer is applied
to reshape the waveform in the receiver.

3.6 Digital Delay and High Speed Sampling
In the new noise radar system, the advantage of a digital receiver over a
conventional receiver is its reduced size and weight. These reductions come from the
replacement of many analog devices into a chip based digital system. Traditional noise
radar system needs to have a cable delay-line system because the noise signal is not
repeatable. This delay-line system is constructed of several coaxial cables with different
lengths, RF switches, splitters, amplifiers, power supplies and controllers. Target range
information can obtained through this delay-line system. Our experimental system has a
high sampling rate digitizer that can directly sample the RF signal from the antennas.
Thus, there is no need to sample the baseband signal after the frequency down-conversion
by using mixers. Therefore, a digital delay-line can thus be constructed. Since the
sampling rate can be seen as the minimum delay step in the delay-line, a higher samplerate ADC will give us a smaller delay step. The step of the delay-line is also controlled by
the sampling frequency. We can control the delay-step and sampling timing by FPGA to
detect the target in difference ranges.
Figure3-8 shows the design of our delay-line system. The important idea of this
digital delay-line system is its coherent sampling at two channels. We can control the
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data length of the sampling. The data length is needed to be long enough to cover the
whole searching area. Besides, the optimum data length for cross correlation is
considered. Longer recording data length can improve the SNR of the target detection but
it increases the calculations of cross correlation and consumes data processing time and
on-board memory. The optimum data length can be represent as Eq.3-1 and the
propagation delays in different parts of microwave transmission are taking consider here.
From the research experience, the optimum data length for digital correlation is 800

LOptimal data length = LDelays in system + LPr opagation delays + LOptimal length for cross-correlation

(3-1)

points and the total data length in our experimental system is about 2000 points to detect
a target within 6 meter. The resolution of data points is 20 cm with a 1.5-GHz samplingrate ADC. This adjustable design will give us an easy way to implement the delay-line
system to cancel out the unknown delays in the process of system calibration.

Figure3-8: Digital delay line design.
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3.7 Digital Correlation
Unlike an analog correlator which uses a mixer and a low pass filter to perform
multiplication on delayed signals, a digital correlator performs correlation on the
digitized signals. The required delays, data length and averages can be controlled by
FPGA. In the conventional noise radar application, if we want to know the distance to the
target, we need to have a delay-line system which provides enough range delays for the
replica of the transmit signals. Then the signals at the output of the delay-line are cross
correlated with receive signals. With different delays in the output of delay-line, the cross
correlation can be performed. When the delay of the transmit signal is the same as the
delay of the echo of the target, we can get a maximum peak value from the center of the
cross correlation. However, this type of design is not suitable for a modern portable radar
system. Light weight and small size are two most important requests for the portable
radar system design. An FPGA based system with high sample-rate ADC makes these
concept ideas feasible.
There are two major types of digital correlator used for correlation. The first one
is lag (XF) correlator (Time-domain signals correlated first, then FFT applied on the
correlated signal to obtain power spectrum) and the other one is FX correlator (Signals
converted to frequency-domain first by FFT, then signals correlated to obtain power
spectrum). The difference between two correlators is the sequence of using FFT to obtain
correlation power. XF correlator is the best scheme to realize a wide bandwidth
correlation in which a cross-correlation of signals between transmitter and receiver is
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performed first, and then the cross-power spectra are calculated through the FFT. The XF
correlator is applied in our radar system.

3.7.1 Coherent Correlator
In this system design, we do not have an in-phase/quadrature (I/Q) detector in the
receiver. Coherent detection is achieved in a different manner. In the conventional design,
the sampling is performed in the baseband because the sampling rate of ADC is not high.
A reference signal used as a clock in the baseband makes the coherent sampling possible.
The role of I/Q detector is to obtain the amplitude and phase information for the
reconstruction of the original complex signal. The noise variance at the output of the
envelop detector in I/Q channel is approximately 5.5 dB smaller than that of the
magnitude channel. The estimation of correlation function in baseband is discussed in
Dawood’s thesis [2]. Although we can obtain the phase information from the I/Q detector,
the phase information is already contaminated by the nonlinear devices, e.g. frequency
mixer and oscillator [22]. The additive phase noise degrades the SNR of the receiver. The
idea of direct sampling in RF is to avoid the serious contamination from the mixer and
oscillator. The signal is sampled by a high speed 8-bits ADC in RF and the ADC then
performs a full precision sampling at Nyquist rate. Thus, the phases of the sampled
waveforms from the transmitter and the receiver are not distorted. The information is not
lost in the sampling process; the original complex signal can be reconstructed by Hilbert
Transform with this coherent sampling receiver. The estimation of correlation function of
this system is presented in section 3.7.2.
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3.7.2 Digital Correlator Statistics
In the digital correlator design of the radar receiver, when the delay of transmit
replica is the same as target echo, two cross correlated signals can be seen as an
autocorrelation whose correlation coefficient is close to unit. To detect an unknown target
at an unknown distance, we need to assume the correlation process of receive signal and
transmit replica with shifting delays as a cross correlation process. To derive the
estimation function of the cross correlation, we can start from the estimate of the
autocorrelation process. The autocorrelation estimate, calculated as an ensemble average
of K temporal samples of the waveform x ( t ) produced by the zero-mean Gaussian
random process X ( t ) with standard deviation σ is Eq.3-2 [23].

rxx [n ] = μrxx [n ] ± σ rxx [n ]
⎧ 2
2
2
⎪σ ± σ ⋅
K
⎪
=⎨
⎪0 ± σ 2 ⋅ 1
⎪⎩
K

n=0

(3-2)

n≠0

The correlation coefficient of autocorrelation is in Eq.3-3

ρ xx [n ] =

rxx [n ]

(3-3)

σ2

Hence the expected values of the correlation coefficients are Eq.3-4

rρ xx [ n ] = μ ρ xx [ n ] ± σ ρ xx [ n ]
⎧
2
⎪1 ±
K
⎪
=⎨
⎪0 ± 1
⎪⎩
K

n=0
n≠0

(3-4)
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Now we can consider the case of a cross correlator. If x and y are joint Gaussian
random variables with zero mean and variance σ 2 , their probabilities of occurance are
defined by the Bivariate Gaussian probability distribution [23] in Eq.3-5.
p ( x, y ) =

⎡ − ( x 2 + y 2 − 2 ρ xy ) ⎤
exp ⎢
⎥
2
2
1− ρ2
⎢⎣ 2σ (1 − ρ ) ⎥⎦

1
2πσ 2

(3-5)

where the cross correlation coefficient is Eq.3-6

ρ xy [n ] =

E [ XY ]
E ⎡⎣ X 2 ⎤⎦ E ⎡⎣Y 2 ⎤⎦

=

xy
x2

y2

=

xy

σ2

(3-6)

denotes the expectation by the averages of many samples. Note that −1 ≤ ρ ≤ 1 . For

ρ  1 , the exponential can be expanded and Eq.3-6 can be written as Eq.3-7.
⎡ 1
⎛ − x 2 ⎞⎤ ⎡ 1
⎛ − y 2 ⎞⎤ ⎛
ρ xy ⎞
p ( x, y )  ⎢
exp ⎜ 2 ⎟ ⎥ ⎢
exp ⎜ 2 ⎟ ⎥ ⎜ 1 + 2 ⎟
σ ⎠
⎝ 2σ ⎠ ⎦ ⎣ σ 2π
⎝ 2σ ⎠ ⎦ ⎝
⎣ σ 2π

(3-7)

For ρ = 0 , the expression is simply the product of two Gaussian functions and is written
as Eq.3-8

⎡
⎛ − ( y − ρ x )2 ⎞ ⎤
⎡ 1
⎛ − x 2 ⎞⎤ ⎢
1
⎟⎥
p ( x, y )  ⎢
exp ⎜ 2 ⎟ ⎥
exp ⎜ 2
2
2
⎜
⎟
⎢
⎥
⎝ 2σ ⎠ ⎦ σ 2π (1 − ρ )
⎣ σ 2π
⎝ 2σ (1 − ρ ) ⎠ ⎦
⎣

(3-8)

Eq.3-8 can be used for the pdf of the correlation of two uncorrelated noise signals. In
Chapter 4, we are simply using a Gaussian distribution to represent the noise peaks in the
receiver operating characteristics analysis.
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The standard deviation σ of the cross correlation function can be represented similarly
from Eq.3-2 and can be written as Eq.3-9
rxy [ n ] = μrxy [ n ] ± σ rxy [ n ]
= ρ xyσ rxy ± σ rxy ⋅
2

2

ρ xy 2 + 1

(3-9)

K

where μrxy is Eq.3-10 from Eq.3-6.

μrxy = xy = σ 2 ρ rxy

(3-10)

The derivation of σ rxy is in Eq.3-11

σ 2 rxy =

{

}

2
1
1
2
E ⎡( XY ) ⎤ − ( E [ XY ]) = {σ 4 + σ 4 ρ 2 }
⎣
⎦
K
K

(3-11)

2
where E ⎡( XY ) ⎤ is derived in Eq.3-12 from [24].
⎣
⎦

2
E ⎡( XY ) ⎤ = ∫ ∫ x 2 y 2 f XY ( x, y ) dxdy =σ 4 (1 + 2 ρ 2 )
⎣
⎦ −∞ −∞
∞

∞

(3-12)

The cross correlation coefficient is in Eq.3-13

ρ xy [ n ] =

rxy [ n ]

σ rxy 2

=ρ±

ρ 2 +1
K

(3-13)

The signal to noise ratio of the measured correlation coefficient is defined as Eq.3-14

SNR =

μr

xy

σr

xy

The full precision sampling, the SNR then becomes Eq.3-15

(3-14)
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SNR = ρ

K
ρ +1

≈ρ K

2

(3-15)
for ρ  1

From Eq.3-15, we can realize that the SNR of cross correlator is proportional to
the square root of samples. The approximation for ρ  1 is satisfactory for most
practical purposes. The signal-to-noise ratio at the correlator output, which we are
calculating here, is of interest mainly for weak signals. The optimum data length of the
correlation signal in Eq.3-1 can be determined by the definition of the SNR related to
data length in Eq.3-15. If we decrease the data length to 200 from the optimum data
length obtained through experience, i.e., 800, the SNR will decrease by 3 dB. This effect
of length reduction can be evaluated in the system analysis.

3.8 System Summary
Table3-2 summarizes the performance characteristics of our radar system. All the
parameters are based on actual measurements and correspond to the theoretical
assumptions. The dynamic range of radar system is highly dependent on the dynamic
range of the power amplifier and the directivity of transmit and receive antennas. In this
prototype system design, the dynamic range is also determined by the acceptable
detection probability (80% Pd; 20% Pf) of the human target presence. The development
of Synthetic Aperture Radar (SAR) can improve the resolution of the receiver; hence, the
dynamic range can be increased. The future portable system can be realized easily based
on this prototype system design.
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Table3-2: Characteristic of radar system
Parameter

Value

Frequency

350 MHz – 750 MHz

Transmit PSD at Noise Source

-22 dBm/MHz

Input Power at Power Amplifier

-30 dBm/MHz (After Attenuation)

Gain at Power Amplifier

27 dB

Total Transmit Power to Antenna

+23 dBm

Polarization

HH

Antenna Gain

6 dB

ADC

8 Bits

Sampling Rate

1.5 GHz/per channel

Dynamic Range (0.8 Pd; 0.2 Pf)

20 dB

Range Resolution

37.5 cm

Maximum Receive Power

+30 dBm

Chapter 4
Range Detection and Receiver Operating Characteristic Analysis

4.1Detection and Location of Moving Human
Since the human body contains a lot of water, its dielectric constant is high and
therefore it shows strong reflections compared to the low dielectric constant wall
material, such as concrete or brick. We performed a simulation using a UWB noise
waveform to identify moving targets behind walls, which may signify human activity.
The method works by continually subtracting sequential radar responses. Reflected
responses from stationary target will be almost the same and thus the subtracted data will
just give us noise, whereas moving targets will provide a strong bipolar response due to
their changing range positions. A suitable threshold can be established to detect moving
human targets and to discard noise peaks from stationary targets. The results of the
simulation are shown in Figure4-1. The wall is at a distance of 20 m from the radar, while
the location of the human changes from 25 m in Figure4-1 (a) to 27 m in Figure4-1 (b).
In order to enhance the detection of the human movement, we perform the cancellation as
described above, and results for a stationary human target is shown in Figure4-1 (c) and
for the moving human in Figure4-1 (d). Note the noise residuals, generally confined to
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within ±0.15 in amplitude, for the stationary target and the bipolar peaks of amplitudes
approximately ±0.45 for the moving human.

Figure4-1: Human position detection by subtracting sequential responses.

4.2 Detection Criterion
Before we start the radar system design, the first work is to simulate the radar
system performance according to different parameters. The finite difference time domain
(FDTD) is a popular method to simulate UWB propagation through walls but it has
limited ability to develop the radar signal processing based on our need. One of the SDR
concepts is to incorporate MATLAB® code in real FPGA implementation. Our through
wall radar development is also based on our MATLAB® based simulator and it has
following characteristics.
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(i)

Transmitter power, waveform frequency and bandwidth can be separately
controlled.

(ii)

Material, width, transmission coefficients and reflection coefficients of the
wall are adjustable. The interference of clutters and thermal noise can be
added.

(iii)

Microwave through wall propagation is based on ray tracing technology.

(iv)

Radar signal processing and position tracking can be presented in the
simulator. Those signal processing algorithms can be realized on FPGA
through the Xilinx system generator or programmed by VHDL.

The receiver performance can be analyzed at the simulator output based on
detection and estimation theory [25]. The radar system performance analyses are based
on transmitter power, wall material, and antenna beamwidth.

4.3 Signal Detection in Interference
Target detection is the main function of a radar system. Detection occurs when the
radar decides on the presence or absence of an object or target. This paper uses the
Neyman-Pearson criterion to derive the probability of false alarm Pf and probability of
detection Pd . In order to find the probabilities of false alarm and detection, a hypothesis
must be created and a likelihood ratio test (LRT) must be performed.
Hypothesis H 0 representing the absence of a human or the presence of
background noise YNOISE alone, is formed as the subtraction of the real-time background
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interferences ZRBI with average background interference ZABI , given by Eq.4.1. ZRBI
include coupling noise YCoupling , wall reflections YWall , clutter reflections YClutter , and thermal
noise VNoise . All the background interferences are assumed to be uncorrelated and
Gaussian in Eq.4.1 and Eq.4.2. Hypothesis H1 representing the presence of a human in
background noise, is also formed as the subtraction of Z HRBI and ZABI in Eq.4.3 where
Z HRBI is the real-time human body reflection YHuman in real-time background interferences.

⎛1 n
⎞
ZABI =⎜ ∑YiCoupling +YiWall +YiClutters +ViNoise ⎟
⎝ n i=1
⎠

(4.1)

H0 : Z = ZRBI − ZABI
⎛1 n
⎞
= YCoupling + YWall + YClutters +VNoise − ⎜ ∑Y iCoupling + Y iWall + Y iClutters + V i Noise ⎟
⎝ n i=1
⎠
= YNOISE

(

)

(4.2)

H1 : Z = ZHRBI − ZABI
⎛1 n
⎞
= YHuman +Ycoupling +YWall +YClutters +VNoise −⎜ ∑YiCoupling +YiWall +YiClutters +Vi Noise ⎟
⎝ n i=1
⎠
=YHuman +YNOISE

(

)

Hypotheses Eq.4.2 and Eq.4.3 are somewhat different than the detection examples in [24].
Both return signals, YHuman and YNOISE , are Gaussian random noise with almost the same
mean and variance. It means that the signals in equations Eq.4.2 and Eq.4.3 have the
same probability distribution function (PDF). If we take the likelihood ratio test (LRT),
the threshold is close to unity and a non-practical result is generated. The efficient way to
detect the different objects in the noise environment is to use the autocorrelation function.
If the largest peak value appears at the center of the autocorrelation signals, it will be at

(4.3)
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the same time delay as the delayed signal X ( t ) . We can thus know the position of
d
different objects by comparing the peak values. The question is how to define the PDF of
the peak values of human and noise. Both peak values of noise ( YNOISE ) and human
( YHuman ) are also random but we do not know their distribution. If we have adequate data
for both these peak values, we can plot their histograms. From Figure4-2, we note that the
histogram shapes are similar to a Gaussian and thus we can assume a Gaussian noise
model for their PDF functions. Also, we can use the central limit theorem in [26] to tell
us the distribution of autocorrelation is Gaussian. From the simulation results, we can
calculate the mean and variance of both signals. Equations Eq.4-4 and Eq.4-5 show
YNOISE and YHuman distributed normally under each hypothesis.

1

N

p ( z | H0 ) = Π

i =1

2π ⋅ σ NOISE 2

1

N

p ( z | H1 ) = Π

i =1

2π ⋅ σ Human2

2
⎛ −( z − m
⎞
i
NOISE )
⎟
exp ⎜
2
⎜ 2 ⋅ σ NOISE
⎟
⎝
⎠

(4-4)

⎛ − ( zi − mHuman )2 ⎞
exp ⎜
⎟
⎜ 2 ⋅ σ Human2 ⎟
⎝
⎠

(4-5)

A likelihood ratio can then be formed as follows:

N

Π

Λ ( z) =

i =1
N

Π

i =1

1
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1
2π ⋅ σ NOISE 2
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exp ⎜
⎟H
⎜ 2 ⋅ σ Human 2 ⎟ >1
⎝
⎠ γ
2
⎛ − ( zi − mNOISE ) ⎞ <
exp ⎜
⎟H
⎜ 2 ⋅ σ NOISE 2 ⎟ 0
⎝
⎠

(4-6)
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According to the observation results, the variances of wall and human reflections are
almost the same. Eq.4-6 can be recast as follows in Eq.4-7, where γ + is the new
threshold.

(

H1

)

2
2
2
> 2σ NOISE ⋅ ln γ + m NOISE − m Human
=γ+
∑ zi <
2 ⋅ ( mNOISE − mHuman )
i =1
N

(4-7)

H0

Probabilities Pf and Pd are calculated as the following integrals in equations Eq.4-8 and
Eq.4-9.
∞
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∫ p ( z N O IS E |H 0 )

r+

=

∞ N

∫ iΠ=1

r+

1
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(4-9)

(4-10)

In radar target detection, the concept of constant false alarm rate (CFAR) is widely used.
A CFAR detector need not be optimal, but it does have to provide the require false alarm
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rate under this assumption. The constant false alarm rate is used to obtain the suitable
detection threshold using the following expression Eq.4-10 :
Probability Density Function of Human and Gaussian
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Figure4-2: Histograms of peak values for human reflection and noise.

4.4 Effects of Transmitting Power
The measure of radar’s performance is captured in its receiver operating
characteristics (ROC) which relates its detection probability to its false alarm probability.
Using Eq.4-8 and Eq.4-9., we can generate the ROC curves. Generally, if we want to
improve the detection probability, we can increase the transmitter power. This means that
its signal-to-interference ratio (SIR) will also increase. Results of a simulation performed
at different transmitter power levels are depicted in Figure4-3 (human at 2 meter, wall at
0.5 meter, interference level at -65 dBm/MHz). The curve moves slightly upward with
increasing transmitter power, although the improvement may not justify the expense of
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the higher power. However, when the transmit power spectral density (PSD) exceeds -30
dBm/MHz, the performance improvement starts to saturate. In general, we note that the
ROC curve appears promising, and the false alarm probability is less than 0.2 (20%) for a
detection probability of 0.8 (80%) even at a transmit PSD of -70 dBm/MHz. The
maximum PSD of a UWB transmitter is +15 dBm/MHz based on FCC limitations. That
means the maximum dynamic range our radar can achieve is 85 dB. Since the distances
within a room are not too high, we limit the transmit power of this radar to -20 dBm/MHz;
thus, we still have a 50-dB dynamic range that can detect the moving target at a distance
of 37 meter in front of the radar with few false alarms. In the real world, the actual
dynamic range is much less than this value because the interference is much higher.

Figure4-3: ROC curves for different transmitter power levels. The human is at 2 m and
the wall at 0.5 m from the radar.
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4.5 Effects of Wall Dielectric Constant
The wall dielectric constant is another important parameter that affects throughwall sensing. Metal walls are fully reflective and thus detection through such walls is
impossible using radar. However, most wall materials in use are wood, concrete, glass,
and stone. We simulated several of the above materials and ROC curves are shown in
Figure4-4 (a) and (b). In Figure4-4 (a), we cannot deduce the effects of different wall
materials because the strong reflections from the human body at two meter dominate the
receiver performance. However, we do find that the material dielectric constant affects
the detection performance when human is far away from the wall. The higher the
dielectric constant, higher is the wall reflectivity, and thus lower is the energy transmitted
through to the inside. In most cases, unless the walls are wet, one can achieve a false
alarm probability of 0.2 (20%) for a detection probability of greater than 0.95 (95%).
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(a) Human at 2-m distance.

(b) Human at 4-m distance
Figure4-4: ROC curves for different wall dielectric constants.
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4.6 Effects of Antenna Halfpower Beamwidth
In order to minimize the noise and increase the human reflection in the
interference, use of beamforming technology is one solution. If the antenna beamwidth is
narrow, it is easy to pick up the line of sight signals but not out of sight interferences. The
gain of the antenna will also increase and sidelobe energy is suppressed. Due to
limitations of larger antenna size and weight in the low frequency range, beamforming is
hard to realize in real applications. However, we still present the effects of different
antenna beamwidths. Figure4-5 (a) and (b) show the human target detection with
different beamwidths. The background noise in Figure4-5 (a), which has a narrower
beamwidth, is smaller than in Figure4-5 (b) which has a wider beamwidth. Figure4-6 is
the ROC plot of four different beamwidths when human target is 4.5 m behind the wall.
We can clearly see the beamwidth 100D has the worst performance and the beamwidths
less than 60D have much better performance. According to the design experience, if the
gain of the antenna is greater than 6 dB, its beamwidth is less than 60D .
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(a) 3-dB beamwidth = 40°.

(b) 3-dB beamwidth = 40°.
Figure4-5: Human target detection for different beamwidths

Figure4-6: ROC curves for different 3-dB beamwidths.
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4.7 Optimal Decision Rule
In through-wall sensing, determination of the exact location of the human is a
significant challenge, owing to the large amount of clutter from stationary targets. We
can estimate the location of targets by cross-correlating the reflected echoes with a timedelayed transmit replica. However, the maximum peak values may not be due to human
echoes every time. The faulty information comes from unwanted reflections from
furniture, multipath, and natural noise. The optimal decision rule is based on the statistics
of our observations. We can obtain some specific signatures from different targets and
use these data to train the system. Thus, the radar can make decisions according to the
data contained in these signatures. Figure4-7 demonstrates this concept for a human
tracking.
In Figure4-7 (a) and (b), we take into account the human motion characteristics
into the optimal decision rule. For example, a human cannot move at a rate much greater
than 1 m/s inside a building. Thus, if the data shows targets that appear to be moving at a
significantly higher speed, it may be due to other effects such a multipath or unwanted
reflections, which will cause a decision error. Including human characteristics will be
helpful for analyzing and making decision. Figure4-7 shows a typical tracking result of a
human moving behind walls in a 2-dimensional XY-grid pattern. The solid lines (denoted
as R_X and R_Y) show the actual position of the human at different time instants, the
dashed lines (denoted as R_xm and R_ym) show the tracked position from the radar data
before applying the decision rule, and the dashed-dotted lines (denoted as R_xmFix and
R_ymFix) show the tracked position after applying the decision rule. Observe that human
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movement tracking shows much better results after applying the decision rule, while the
unprocessed data shows wild swings sometimes (see X-axis plot at times 0-3 s and 27-29
s, and Y-axis plot at times 15-17 s and 22-24 s).
Figure4-8 shows the application of the optimal decision rule to track a human
behind a wall located at a distance of 15 m from the radar. Both in X-direction and Ydirection, movement speeds are close to that of a real human being. Clearly, good
tracking is achieved using this technique, within 0.5 m on the average and within 1 m for
the worst case.
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Figure4-7: Results of using decision rule for tracking a human moving in the (a) X-direction
and the (b) Y-direction. The solid lines (R_X and R_Y) show the actual position of the human,
the dashed lines (R_xm and R_ym) show the tracked position before applying the decision rule,
and the dashed-dotted lines (R_xmFix and R_ymFix) show the tracked position after applying
the decision rule.
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Figure4-8: Human tracking behind a wall using the decision rule. The darker line is
the human’s real motion and the lighter line is radar detection.

4.8 Analysis of Interference Level and RCS
In this section, we combine the theoretical analyses developed in [27] and [28] to
determine the effect of interference to the target detection. Our point of view is based on
the theory of radar cross section (RCS) detection and backscattering coefficient
measurement to estimate the range of acceptable interference levels vis-a-vis the
detectable target. The measurement algorithm for target RCS measurement in the indoor
environment is similar to the through wall target detection scenario in that both suffer
from the background interference problem. The electric field that illuminates the target
also illuminates the surrounding objects, walls, and floor, which cause additional
reflections. The net extraneous signal at the receiver results from the combination of the
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leakage signal from the transmit antenna to the receive antenna with the sum of many
signals from the various background reflections. From [27], we can derive

Em = Et + Eb
⎡ E
⎤
⎡ E
⎤
⎡ E ⎤
= Et ⎢1 + b ⎥ = Ect ⎢1 + b e jφ ⎥ = Et ⎢1 + b ( cos φ + j sin φ ) ⎥
⎥⎦
⎣ Et ⎦
⎣⎢ Et
⎣⎢ Et
⎦⎥

(4-11)

where Em , Et , and Eb are respectively the measured field, the true field scattered by the
target and the field due to the background contribution. φ is phase angle between Et and
Eb . The measured RCS can be simply represented as

σ m = K Em

2

⎛ σ
⎞
σ
= σ t ⎜1 + b + 2 b cos φ ⎟
⎜ σ
⎟
σt
t
⎝
⎠

(4-12)

where σ m , σ t , and σ b are the measured RCS, the RCS due to the target, and the RCS due
to the background respectively. K is a system constant. The error in σ t as obtained from
the measurement will fall between the maximum limits given by Eq.4-13, where

Sb 2 =

σb
, i.e..
σt
σm − σt σb
σ
=
± 2 b = S b 2 ± 2 Sb
σt
σt
σt

(4-13)

Alternatively, in decibel form, we have

(

σb ( dB) =σm ( dB) −σt ( dB) =10⋅ log 1+ Sb2 ± 2Sb

)

(4-14)
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where σ b is the error limit. The maximum and minimum error bounds in dB as a function
of the S b ratio are shown in Figure4-9. From Figure4-9 or from Eq.4-14, in order to
insure that the error is bounded within a ±1-dB interval, the magnitude of the
measurement error term Sb2 ± 2Sb must be less than 20%, i.e., within the range [-20%,
+20%]. For the prediction/estimation of the false alarm rate in the indoor radar receiver,
we only consider the maximum error bound, which that means background contribution
term Sb2 + 2Sb must be less than +20%. We can therefore deduce that SbMAX ≈ 0.1, which
yields

σb
1
.
≤
σ t 100

Figure4-9: Maximum and minimum error bounds.
If A is the resolution cell area and σ b 0 is the average backscattering coefficient
of the target, we have

A ⋅σ b0 ≤
or

σt
100

(4-15)
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σ t ≥ 100 ⋅ A ⋅ σ 0b

(4-16)

The illuminated cell area depends upon the range to the target r and the antenna
beamwidth θ , and for normal incidence, is given by
⎛
⎛θ ⎞⎞
A = π ⎜⎜ r tan⎜ ⎟ ⎟⎟
⎝ 2 ⎠⎠
⎝

2

(4-17)

From Eq.4-17, we note when the target is close to the antenna, A is smaller and a
smaller value of σ t can meet the requirement specified in Eq.4-16. When the target is far
away, we need a larger value of σ t to meet the error limit. If we want to detect the
constant size target at a far distance, we need to make either A or σ b 0 smaller. If we apply
a circular beam pattern with beamwidth θ = 60D and target is at 2-meter range, we can
compute A as Eq.4-18, i.e.
2
2
⎛ ⎛
θ⎞ ⎞ ⎛ ⎛ 2 ⎞ ⎞ 4
⎟= π
A = ⎜ π ⎜ r ⋅ tan ⎟ ⎟ = ⎜ π ⋅ ⎜
⎜
2 ⎠ ⎠⎟ ⎝⎜ ⎝ 3 ⎟⎠ ⎠⎟ 3
⎝ ⎝

(4-18)

In this manner, we can calculate minimum target RCS required for different
background scattering coefficients from Eq.4-16.
For performing accurate backscattering coefficient measurements, we can employ
the background subtraction algorithm used in anechoic chamber measurements [28];
these measurements are performed by placing an absorber behind the target and between
the antennas in order to eliminate unwanted reflections and coupling. Our measurements
of the empty anechoic chamber indicate that the maximum backscattering coefficient of
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the absorber material in the UHF range is about -25 dB at a range of 2-5 meter for linear
polarization. We can use this lower bound to calculate the required RCS of a target
embedded in an “idealized” or interference-free background. Normal clutter backgrounds
will have higher values of backscattering coefficients. It is also known that the radar
cross section of an average human is about 1 m2 or 0 dBsm [29]. Table4-1 presents
results indicating minimum target RCS for different background backscattering
coefficients and at different target ranges. The table indicates that only at close range (2
m) and in an “ideal” background ( σ b = −25 dB) can the human be detected. If the
background backscattering coefficient increases, the RCS of target needs to increase also
to meet the minimum target RCS requirement; however, the RCS of the human body is
too small to meet this required RCS increase. If the RCS cannot meet this requirement,
then the measurement error can be greater than 20% and the probability of false alarm
will increase, and a non-target may appear as a target. For a measurement error limit of
100%, the corresponding Sb value is approximately 0.4, which yields

σ b 16
. Thus,
≤
σ t 100

we have the following requirement:

σ ≥
t

100
⋅ A ⋅σ 0
b
16

(4-19)

The physical meaning of the above is that when the RCS of a measured target is
16 times less than the minimum required RCS value for a 20% error limit, the actual error
can be more than 100%. That means that a false alarm can be generated even when there
is no target.
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Signal processing techniques help to increase the signal to interference ratio (SIR)
and reduce false alarms. For example, use of a cross-correlator in our system for range
determination can increase the SIR by about 20 dB, based upon our measurement of our
system’s point spread function (PSF) or the correlation function. This applies only if the
interference is located in a different range bin than the target. That is the reason why we
can still detect the human target ( RCS=1 m 2 and σ 0b =-10 dB ) at 3-meter range after
applying the SIR compensation, and under these conditions, the probability of false alarm
is about 5% (0.93/16). The probability of false alarm is 23% (3.72/16) when human is at
6-meter range and this result corresponds well with our experimental results (shown later
in Figure4-13, which has also has about 23 % false alarm). Thus, we can realistically
predict the probability of false alarm by using our simplified RCS analysis, and study
tradeoffs in range, antenna beamwidth, and background backscattering coefficient.
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Table4-2: Backscattering coefficient V.S. required RCS

σ 0b

-25 dB

-20 dB

-15 dB

-10 dB

σ t (2 m)

1.32 m 2

4.1 m 2

13.24 m 2

41.88 m 2

1.2 dBsm

6.1 dBsm

11.2 dBsm

16.2 dBsm

2.98 m 2

9.42 m 2

29.8 m 2

94.2 m 2

4.7 dBsm

9.7 dBsm

14.7 dBsm

19.7 dBsm

5.28 m 2

16.4 m 2

52.96 m 2

167.5 m 2

7.22 dBsm

12.1 dBsm

11.02 m 2

37.68 m 2

σ t (3 m)

σ t (4 m)

σ t (6 m)

17.2 dBsm 22.24 dBsm
119.2 m 2

10.42 dBsm 15.76 dBsm 20.8 dBsm

376.8 m 2
25.8 dBsm

After compensation (20 dB)

σ t (2 m)

σ t (3 m)

σ t (4 m)

σ t (6 m)

0.0128 m 2

0.04 m 2

0.129 m 2

0.413 m 2

-18.9 dBsm

-13.9 dBsm

8.9dBsm

-3.84 dBsm

0.029 m 2

0.09 m 2

0.29 m 2

0.93 m 2

-15.3 dBsm

-10.3 dBsm

-5.3 dBsm

-0.3 dBsm

0.05 m 2

0.16 m 2

0.52 m 2

1.67 m 2

-12.8 dBsm

-7.9 dBsm

-2.8 dBsm

2.24 dBsm

0.116 m 2

0.36 m 2

1.16 m 2

3.72 m 2

-9.3 dBsm

-4.43 dBsm

0.64 dBsm

5.7 dBsm
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4.9 Experimental Results
This section presents the actual measurement results of our prototype noise radar
system and these are compared with the simulation results in the previous section. The
simulation criteria are reassessed and the unknown questions behind the experiment
results are explained.

4.9.1 Experimental Setup
The through wall radar test was conducted in a standard classroom (12 m × 6 m)
consisting of 30-cm thick concrete walls.. The radar system is shown in Figure4-10 (a)
and the experimental setups are in Figure4-10 (b). In order to represent the usual situation
in the room, the measurements were made in a classroom consisting of several clutter
sources such as desks and chairs, as shown in Figure4-10 (c). Background reflected
signals are first recorded to yield the reference signal. This reference signal will be
subtracted from the backscattering signals of human in the classroom, shown in Figure4-

10 (d). The real-time transmit and receive signals are shown in Figure4-11 (a) and their
power spectra in Figure4-11 (b) and (c). The radar system uses two identical wideband
directional antennas. The gain of the antenna is 6 dB and its bandwidth is 350-1000 MHz.
The radar’s RF components include a noise generator, a low pass filter, a power amplifier,
and a low noise amplifier.
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(a)

(c)

(b)

(d)

Figure4-10: (a) Radar system setup; (b) Field test; (c)Background; (d) Human in the room.
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(a)

(b)

(c)
Figure4-11: (a) Real-time transmit signal (top) and receive signal (bottom); (b) Power
spectrum of the transmit signal; (c) Power spectrum of the receive signal.
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4.9.2 Single Human Detection
Although data subtraction is a conventional method to remove the interference, it is
also effective for real-time monitoring. This method suffers from the noise residue
problem when target signal is very weak compared to the interference. The strong noise
residues produce a lot of false alarms when the human target is moving farther than 5 m,
as shown in Figure4-12. The ROC curve of the single human detection is plotted in
Figure4-13. When the human distance is less than 3 meter behind the wall, the result is
very close to the simulation results of Figure4-3. When the human distance is further than
3 m, the performance is not as good as simulation results. If we look at the human target
at 6 m distance in Figure4-13 the curve is close to the -70 dBm curve in Figure4-3, which
can detect the human at 37 m. However, from the radar range equation, the reflected
power from the human body at 6 m is estimated as -39 dBm (19-dB loss). Thus, there is a
31-dB difference between simulation and measurement.
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Figure4-12: Human target movement from 1 m to 6 m.

Figure4-13: ROC curves for human target movement from 1 m to 6 m.
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The factors that cause unsatisfactory performance include indoor clutter, antenna
coupling, and multipath. If the antenna beamwidth is wider, the transmitted energy
diverges quickly with range and the antenna easily picks up the interference. In Section
3.2.5, we discussed the effect of interference and concluded that beamforming technology
can improve the receiver performance. Also from the simulation study, we learned that
the detection performance worsens when the transmit power is lower than 10 dB below
the interference. If we can correctly estimate the interference power, the simulation will
be matched better to the measurement results. From Figure4-14, we note that if we
increase the interference level from -65 dBm to -34 dBm (i.e., add 31 dB), the simulation
result is seen to match the measurement results, but the receiver dynamic range is only 20
dB according to CFAR ( Pd = 80% and Pf = 20% ).
Increasing the correlation length and the averaging more samples will improve the
SIR. The cost, however, is the time lag for real-time data processing. We believe,
therefore, that adaptive beamforming can better suppress the interference and improve the
detection performance.
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Figure4-14: ROC curves for different transmitter power levels. The human is at 2 m and
the wall at 0.5 m from the radar.
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4.9.3 Multiple Human Detection
In order to detect the movements of multiple persons in the room, the radar
system needs to have high range resolution. Our radar system has a 400-MHz bandwidth
and the ideal range resolution is 37.5 cm. In this experiment, we placed two humans in
different locations inside the room. First, both humans were 1 m apart from each other.
We can clearly see two peaks at 2.5-m and 3.5-m distances in Figure4-15. Next, we
moved both humans closer to each other, i.e., 50 cm apart. We still can see two peaks at
3.2-m and 3.6-m distances. The measurement error comes from the sampling rate of high
speed ADC. A 1.5-GHz sampling rate will give ±10-cm sampling error. If we can
increase the sampling rate of the high speed ADC, we can sample at a higher frequency
yielding better range resolution and lower sampling error. The state-of-the-art single
ADC can sample as high as 2.2 GHz and gives finer range resolution.
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Figure4-15: Two human targets movement location.
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4.10 Backscattering Coefficient (BC) Measurement
From the previous section, we understand that a true indoor BC can accurately
and realistically determine the receiver performance. A time-gated measurement is
required for BC measurements to avoid the occurrence of spikes which comes from the
FFT of entire range of data that contains strong interference in some timing points and
they are not needed in the selected range. This spike is caused by interference which can
make BC greater than 1 (i.e., 0 dB). A normal bandpass gate is chosen in the network
analyzer to filter out the interference not in the selected range. The raw data are
processed using the interference subtraction algorithm and it is similar to our algorithm
of radar signal processing.
The BC measurement is shown in Figure4-16. We can clearly see the indoor
backscattering coefficient is about -10 dB from 350 MHz – 1 GHz and this can be used
for the required RCS calculation in Section 4.8.

Figure4-16: Backscattering coefficient measurement in the indoor.
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4.11 Summary
The results presented in this chapter show that noise radars are useful for
detecting and tracking moving humans obscured by building walls. The technique works
by cross-correlating the received signal with a time-delayed replica of the transmit
waveform. The noise waveform has excellent properties such as low cost of generation,
immunity to interference and jamming, low probability of intercept, and low probability
of detection. The LPI and LPD properties make the waveform attractive for covert
detection, tracking, and imaging applications to confound today’s techno-terrorists.
Additional studies are underway to develop better signal processing algorithm to improve
the SIR and new beamforming technology to minimize the clutter fading. We believe that
these improved techniques will translate into better ROC for robust detection of human
motion behind walls.

Chapter 5
Radar Cross Section (RCS) Measurement of Indoor Target

5.1 Importance of RCS Measurement of Indoor Target
Radar Cross Section (RCS) measurements of indoor targets are important for the
design of a through wall radar. First, in order to map a building, we must know what is
inside. We believe the RCS of furniture at different incidence angles will be different
from that of a human body. A novel study of RCS changes during a scan is helpful for
target identification and suppression of clutter. Secondly, the transmitter and receiver
design are related to the RCS of the target. Power level and effective detection range can
only be estimated when the RCS of the target.
When starting a new radar system design, the detection specification of a radar
system needs to be determined. The detection mechanism and associated algorithms for
different targets are different. Improving the probability of detection and false alarm in an
effective range with a low power UWB radar system is challenging. The radar receiver
needs enough reflection power from the target located behind the wall so that target
information can be quantized into bits. Increasing the transmit power would seem to be a
direct solution, but the extra transmit power will expose the activity of radar operation. In
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order to find the optimum power of the short-range radar, the study of different indoor
targets’ RCS is necessary.
The developments of RCS theory were completed in the 60’s; all the developed
theory and measured examples were focused on military targets such as airplanes and
tanks. For through wall radar research, we want to know the RCS of indoor targets, e.g.
humans and furniture. There is not much useful RCS information of indoor targets in
current publications; this gives us a strong motivation to perform the research in this area.
The simulation, measurement, data processing and analysis of indoor targets’ RCS are
presented in this chapter.

5.2 Theory of RCS and Indoor Target Modeling

5.2.1 Theory of RCS
Radar cross section (RCS) or echo area of a target is defined as the area
intercepting the amount of power that, when scattered isotropically, produces at the
receiver a density that is equal to the density scattered by the actual target [30]. The
received power at the radar is a function of several parameters [31], i.e. a function of the
transmitter system, the propagation path from the transmitter system to the target, the
propagation path from the target to the receiving system, and the receiving system. These
dependents can be written as Eq.5-1:

Pr =

Pt Gt
Lt

Transmitting system

1
4πrt 2 Lmt

σ

Pr opagating medium T arg et

1
4πr 2 Lmr

Gr λ20
4πLr

1
Lp

Pr opagating medium Re ceiving system Polarization effect

(5-1)
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where,
P = receive power (Watts)
r
P = transmit power (Watts)
t

G = the gain of the transmit antenna in the direction of the target (dB)
t
L = numerical factor to account for losses in the transmit system
t
L = numerical factor to account for losses in the receiving system
r
r = range between the transmit antenna and the target (meter)
t

σ = radar cross section ( m 2 )
L , L = numerical factors which allow the propagating medium to have loss
mt mr
γ

= range between the target and receive antenna (meter)

G = gain of the receiving antenna in the direction of the target (dB)
r

λ0 =radar wavelength ( nm )
L

p

= numerical factor to account for polarization losses

By rearranging Eq.5-1, the formula for RCS can be written as Eq.5-2:

σ=

Pr Lr (4π ) Lt
2
Lmr Lmt (4π ) rt 2 r 2 L p
2
Gr λ0 Pt Gt

(5-2)

According to the EM theory, the RCS of a three-dimensional target can be defined
as Eq.5-3 [13]:
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where

(5-3)

r = distance from target to observation point;
S s , S i = scattered, incident power densities;
E s , E i = scattered, incident electric fields;
H s , H i = scattered, incident magnetic fields;

In general, the RCS of an object depends on [33]:
1.

The frequency of the incident radiation.

2.

The polarization of the transmitting antenna.

3.

The polarization of the receiving antenna.

4.

The orientation of the object relative to the antenna (“the aspect”).

5.

The material of which the object is made and the object shape.

The unit of the three-dimensional RCS is area (m2) and the most common
designation is dBm2 or dBsm.
When the transmitter and receiver are at the same location, the RCS obtained is
usually referred to as monostatic (backscattered) RCS, and when the two are at different
locations, it is referred to as bistatic RCS. In our analysis, we consider the case of
monostatic RCS.
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5.2.2 Indoor Target Modeling

The RCS of a target with complex shapes, i.e. human, chair, table, bookshelf or
filing cabinet, can be thought of as the combination of as the RCS of simple shapes.
Simple shapes can be a cylinder, sphere, ellipsoid, (circular, rectangular, or triangular)
flat plate, finite cone, and so on. In the following sub-sections, unless specified, we will
assume that the body is made up of perfectly electric conducting (PEC) material. If the
target is made up of a specific type of dielectric, like human body, we need to consider
different factors such as:
1.

Relative permittivity ( ε r ).

2.

Dielectric loss factor ( tan δ ).

3.

Conductivity (S/m).

4.

Relative permeability ( μr ).

5.

Magnetic loss factor ( tan δ μ ).

6.

Mass density (ρ) ( kg

m3

).

In this project we are interested in modeling the far-field RCS. Indoor targets can
be modeled as complex bodies that are composed of simple shapes. Theoretical
derivations of complex bodies were discussed in [33]. For the modern RCS analysis,
method of moments (MOM) is the best numerical estimator to simulate the RCS of
complex bodies. In this chapter, the simulated RCS of humans and furniture is performed
using commercial software, FEKO®. The software is based on a full wave solution of
Maxwell's equations in the frequency domain using the well known method of moment.
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The MoM is normally associated with the analysis of metallic structures but in
FEKO®, special formulations of the MoM are used for the analysis of dielectric and
magnetic materials. These include problems involving multiple homogeneous dielectric
bodies, thin dielectric sheets, planar multilayered media and dielectric coated wires and
surfaces.
The original simulation model and analysis procedure are presented in the rest of
this chapter. The simulation modeling of a human body and furniture used in this chapter
were implemented by Kim and Darsono [35]. These simulation results are compared with
experimental results. The sweep frequency of the RCS measurement is from 400 MHz to
3 GHz. The simulation models and corresponding experimental data help develop the
ability for target identification.

5.2.3 Human Modeling

Before starting the measurements of a human body, we use the popular EM solver
FEKO® to model the RCS of a human body. We considered a total of five different
human models, as shown in Table5-1 and Figure5-1. In this simulation study, a monostatic RCS is investigated and the simulation results are shown in the report. The
simulation results of different human models are not fully corresponded to the
measurement results, especially in high frequency. The reason for this unsatisfactory is
the mesh size of the simulated target. The exact RCS estimation of complex bodies
(human) need small mesh size and a lot of memory. In this section, we only present the
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work of making human model in FEKO® which is similar to the work of making
furniture models.

Table5-1: Human model dimensions
Normal

Small-RCS

Human (NH) Human (SRH)
Parts Name

Tall Human

Large-RCS

Kid

(TH)

Human (LRH)

(KID)

Height Radius Height Radius HeightRadius Height Radius Height Radius

Head (m)

N/A

0.15

N/A

0.15

N/A

0.17

N/A

0.2

N/A

0.09

Trunk (m)

0.75

0.3

0.75

0.23

0.85

0.3

0.75

0.4

0.37

0.13

Left & Right Arm (m) 0.45

0.07

0.45

0.06

0.55

0.07

0.45

0.15

0.27

0.05

Left & Right Leg (m)

0.1

0.6

0.07

0.7

0.1

0.6

0.18

0.27

0.05

0.6

＊ A human with a RCS greater than +50% of the norm is designed as “Large-RCS

human”.
＊ A human with a RCS greater than −30% of the norm is designed as “Small-RCS

human”.

Normal Human
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Back
Small-RCS Human

Large-RCS Human
Front

ϕ = 90D

ϕ = 0D
Kid

Tall Human

Figure5-1: Five different human models for RCS simulations.
The simulation range of the azimuth angle, ϕ , is from 0-360° in 10° steps. The geometric
arrangement is shown in Figure5-2.

ϕ = 90D
ϕ = 0D
Figure5-2: RCS Simulation with incident angles: side view and top view ( ϕ : from 0-360°
in 10° steps).
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5.2.4 Furniture Modeling

In order to simulate the different furniture elements using FEKO®, the following
steps are performed:
1. Model the furniture using several appropriate simple objects, such as cuboids and
cylinders.
2. Modify the material used to model the furniture as desired, such as free space,
perfect electric conductor, or dielectric (i.e. plastic, wood, and so on). For
dielectric-type material, we need to specify the relevant parameters.
3. Place the target on the underlying infinite ground plane (we model it as dry soil
with ε r = 3 and tan δ = 7×10-2).
4. Specify the required frequencies, i.e. 400 MHz – 3 GHz.
5. Specify the desired excitation, i.e., magnitude and phase of the wave, incident
angle θ and ϕ , and type of polarization. We use linear polarization in this
analysis.
In addition to varying the frequencies, we also vary the incident angles θ and ϕ
Moreover, in order to observe the bistatic RCS radiation, we also request varied scattered
angle θs and ϕs. Figure5-3 shows a target of rectangular, perfectly electric conducting
(PEC) table with dimension of 1.6 m × 1.6 m × 1 m laid on ground plane, where the
U,V,N axes correspond to the X, Y, Z axes respectively. We illuminate the target from θ
= 0°-90° and ϕ = 0°-180°, with an increment angle of 45° at frequencies of 400 MHz,
950 MHz and 1.5 GHz.
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Figure5-3: Requested field of table in FEKO®.

Radars usually scan the target along the ϕ direction. Therefore, rather than
varying the incident angle along the ϕ direction, it is probably more beneficial to observe
the RCS by fixing the θ to a specific angle, i.e. 0°, and observing from different ϕ
angles from 0°-360°. We can compare this result with the RCS of human body. The RCS
changes from a table and human are very different. The RCS simulation results of
furniture are compared with real measurement results in section 5.5.

5.3 Experiment Design for RCS Measurement

5.3.1 Experimental Setups

The study of the RCS measurement in a realistic indoor environment is important
and we can analyze the RCS together with the effects of ground reflection, clutter,
antenna coupling, and wall reflections. The measurement of RCS in an indoor
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environment is nontrivial. Most of the RCS measurements are done in an anechoic
chamber; however, since we are limited by the frequency range of operation of our
anechoic chamber, this measurement is not easy to perform. The purpose of our
measurements is to obtain appropriate data for developing a building mapping technique
and human pattern recognition. The experiment setup is shown in Figure5-4 which
includes a pair of antennas and a network analyzer.

Figure5-4: Experimental setup for RCS measurements.

5.3.2 Design of Calibration Target

The calibration method is based on data subtraction and uses several reference
targets. A time gated method is applied to minimize multipath and coupling effects. This
function can be performed by a network analyzer. Figure5-5 shows the calibration setup
using a large sized metal plate and corner reflector.
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Figure5-5: Metal plate and corner reflector for RCS calibration.

Two metal reflectors are used for RCS calibration. The first one is a metal plate
reflector and its estimated RCS is given by Eq.5-4. Symbol a and b are the length and
width of the rectangular metal plate. Changes in RCS of a metal plate reflector are very
sensitive to changes of incident angle. In this measurement, a large sized metal plate is
used as a reference target. With two steps, most of the transmit power is reflected by the
metal plate and received by the antenna with a wide beamwidth. The 3-dB beamwidth of
the reference antenna in this RCS measurement is wide ( 60D ) so that the sensitivity of
incident angle does not severely affect the RCS calibration as an antenna with a narrow
3-dB beamwidth ( 20D ).

σ max =

4π

λ

2

⋅ (a ⋅ b)

2

(5-4)

The second metal reflector is a corner reflector and is not sensitive to changes in
incident angle. The dimensions of the corner reflector are shown in Figure5-6 and the

95
estimate of its RCS is given by Eq.5-5, which has Aeff =

L2
[36]. L is the length of
12

corner reflector which can be represented as Eq.5-6.

Figure5-6: Corner reflector geometry

σ corner _ max =

4π

λ
π L4
= 2
3λ
2

⋅ A2 eff

(5-5)
1

⎛ 3λ 2σ max ⎞ 4
L=⎜
⎟
⎝ π
⎠

(5-6)

Suppose the beamwidth of the transmit and receive antenna is 60 degree at
vertical and horizational cuts. The illuminated area at 2 meter in front of the antenna will
be 2 meter by 2 meter when the antenna height is 1 meter. From the previous
experimental results in chapter 4, we know that the human target at two meters can still
be detected after the addition of a 40-dB attenuator. This gives us a chance to design a
corner reflector which has minimum dimensions. By using the radar range equation as
Eq.5-7 and the RCS equation of corner reflector as Eq.5-6, we obtain the RCS and length
information of corner reflectors in Table5-2. From Table5-2, the best length selection of a
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corner reflector is 74 cm which gives us a 1 m 2 RCS. It is closest to the RCS of a human.
This is comparable to a normal human standing at 2 meter in front of the radar; the radar
system can be calibrated. The corner reflectors are made of cardboard and aluminum foil.
With these reflectors, the measurement results were calibrated and are presented in the
Section 5.5.
Pr
G G λ2
= σ t 3r 4
Pt
64π R

(5-7)

Table5-2: Lengths for corner reflectors with different RCS
Wall Loss= 0 dB
Pr (dBm) RCS ( m 2 )

R=2 meter

Pt = -20 dBm

RCS(dbsm)

L (cm)

-25

2129.3

33.2823

495.9413

-30

673.3369

28.2823

371.9035

-35

212.9278

23.2823

278.8883

-40

67.3337

18.2823

209.1367

-45

21.2928

13.2823

156.8304

-50

6.7334

8.2823

117.6062

-58

1

0.2823

74

-60

0.6733

-1.7177

66.1348
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5.3.3 Time-gate Measurement for RCS

In order to measure the RCS in a real indoor environment, a time-gated
measurement is performed by using a network analyzer. When we specify target range vs.
delay, we will only obtain the scattering information near the target while getting rid of
clutter, creeping waves, and multipath effects.

5.4 RCS Measurements of Human Body at Different Incident Angles

Figure5-7 shows how the RCS changes of human body are measured. We
measure the human RCS from different incident angles by rotating the human body
towards the antenna. Figure5-8 is the polar plot of Human RCS. The pattern is similar to
a cylindrical pattern, but the RCS of the front and back of the body are larger than the
sides. From Figure5-9, we can see the small-RCS human has larger RCS changes (12 dB)
with incident angle, while a large-RCS human has lower RCS changes (6 dB).

Figure5-7: Small-RCS human RCS measurements.
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Figure5-8: Polar plot of skinny and fat human RCS.

Figure5-9: RCS changes with different incident angles.
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5.5 RCS Measurements of Furniture at Different Incident Angles

5.5.1 Filing Cabinet

In this experiment, we measured the monostatic RCS of metal (i.e., PEC) filingcabinet that has dimensions of 37 cm × 72 cm × 132 cm, as shown in Figure5-10.

ϕ = 45D
ϕ = 45D
Figure5-10: PEC (metal) filing cabinet tilted at ϕ = 45° (when measured) with its
corresponding model using FEKO.

Figure5-11 shows the comparison between the experimental result and FEKO
simulation produced using MATLAB®. The results are consistent with one another, and
thus could be used to detect and identify the filing cabinet properly. In Figure5-11, we
can see that the RCS is high when the filing cabinet face-surfaces are facing toward the
antenna (i.e., when ϕ = 0°, 90°, 180°, and 270°). The RCS attains a maximum when the
incident wave gets reflected by the maxium area presented by the filing cabinet (i.e. when

ϕ = 90° and 270°). This can be generalized for other metallic cuboid-type targets.
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Polar plot of Metal Filing Cabinet RCS

plot of Metal Filing Cabinet RCS
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Figure5-11: Comparison of experimental result and FEKO simulation for metal filing
cabinet using MATLAB®.

5.5.2 Table

We also measured the monostatic RCS of a metallic table that has dimensions of
115 cm × 75 cm × 73 cm as shown in Figure5-12. However, our simulation model has a
slightly different design and dimensions, 160 cm × 160cm × 100 cm.

ϕ = 0D

ϕ = 0D

Figure5-12: Metal table at ϕ = 0° with its corresponding model using FEKO.
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Figure5-13 shows the comparison between the experimental result and FEKO
simulation produced using MATLAB®. As we can see, the “peak” and “valley” can still
be properly recognized in the RCS plot although the table was modeled with a different
size and more simplistic structure. This capability could at least be used by radar to detect
the existence of a table within the room.
plot of Metal Table RCS
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Figure5-13: Comparison of experimental result and FEKO simulation for metal table
using MATLAB®.
In the furniture RCS measurements, the first consideration is the furniture that has
a size similar to that of a human body, such as a filing cabinet. From our measurements
as shown in Figure5-14, we can easily see that the metal cabinet has rapid RCS changes
at different incident angles (on the order of 18-20 dB) compared to that of a human, (5-6
dB).
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Figure5-14: RCS comparisons of human body and metal cabinet.
In the RCS measurements of lower height furniture, the calibration data are
different from the calibration data at human height. We need to recalibrate the measured
information. The RCS pattern of a metal cabinet is close to the human, while the RCS of
the lower height chair is smaller than the RCS of human body. An interesting point can
be noted in Figure5-15. At 0° and 180°, the RCS of the table and human is high because
of the larger reflections from the facing surfaces (front and back of the table and human).
But the RCS of the chair is only high at 0° but low at 180°. This different result is from
the reflections of the chair which is back-rest and does not front facing surface. From
these measurements, we note that different targets have different RCS patterns, and there
are quite a few characteristic that can be used for identification.
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Here, RCS of chair is different

Figure5-15: RCS comparison of human body, chair, and metal table.
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5.6 Summary

From the RCS measurements of furniture and various human body types, we note
that pattern identification is possible. If we have a scanning radar system, the RCS
changes can to be identified over the sweep angle range (90°). This may be difficult to
distinguish between some targets which have a more cylindrical shape, and a human
target. If we have several sensors or a scanning antenna system and know the information
of relative distances and relative incident angles, the RCS pattern can be recovered using
compensation techniques. The algorithm to compensate for path loss and multipath
effects can be developed. The work presented in this chapter can be applied to a novel
building mapping system and can provided more advanced functionality to an proposed
sensor system.

Chapter 6
Hilbert-Huang Transform (HHT) Processing for Human Activity Characterization

6.1 Introduction

Different parts of the human body have different movements when a person is
performing different physical activities. Also, there is great interest to remotely detect
human heartbeat and breathing for applications involving anti-terrorism and search-andrescue. Ultrawideband noise radar systems are attractive because they are covert and
immune from interference. The conventional time-frequency analyses of human activity
(usually including the short time Fourier transform (STFT), Wigner-Ville distribution
(WVD), and wavelet analysis) are not generally adaptive to nonlinear and nonstationary
signals. If one can decompose the noisy baseband signal containing human Doppler
information and extract only the human-induced Doppler from it, the identification of
various human activities becomes easier. We therefore propose to use a recently
developed method, the Hilbert-Huang transform (HHT) [36], since it is adaptive to
nonlinear and nonstationary signals. When used with noise-like radar data, it is useful for
covert detection of human movement. The HHT based signal processing can effectively
improve pattern recognition and reject unwanted uncorrelated noise.
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6.2 Hilbert-Huang Transform (HHT)

The Hilbert-Huang Transform (HHT) is a novel nonlinear and nonstationary
signal analysis technique which was first proposed by Norden E. Huang of the NASA
Goddard Space Flight Center and his collaborators in the mid 1990s [36]. Its basis is the
combination of the empirical mode decomposition (EMD) and the Hilbert spectral
analysis (HAS) approaches. We have applied the HHT technique to the baseband noise
radar data from human targets with varying types of motion.
The essence of EMD is to identify the intrinsic oscillatory modes by their
characteristic time scales in the data empirically, and then decompose the data
accordingly. It separates the intrinsic mode functions (IMFs) from the original signal one
by one, until the residue is monotonic. After performing EMD, the original signal is
decomposed into a finite and a small number of IMFs, where an IMF is any function with
the same number of extrema and zero crossings, with its envelopes being symmetric. The
flowchart of the decomposition process is shown in Figure6-1, where x ( t ) is the signal.
This algorithm is described in more detail in Huang’s paper.
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Figure6-1: Flowchart of the empirical mode decomposition (from [37]).
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Next, we can extract those IMFs which contain the Doppler information and
discard the IMF files which contain clutter and noise. This greatly improves the signal-toclutter-ratio (SCR). In addition, the signal of interest from the moving target can be
clearly displayed in the time-frequency domain. The extracted IMFs all admit wellbehaved Hilbert transforms. Each IMF can thus be represented by its analytic signal as
Eq.6-1:
Z (t ) = X (t ) + jH { X (t )} = X (t ) + jY (t )

(

= a (t ) exp j ∫ ω (t )dt

)

(6-1)

where,
a (t ) =

ω (t ) =

X 2 (t ) + Y 2 (t )
d ⎧ −1 ⎛ Y ( t ) ⎞ ⎫
⎨ tan ⎜
⎟⎬
dt ⎩
⎝ X (t ) ⎠ ⎭

are, respectively, the instantaneous amplitude and frequency of the IMF. Eq.6-1 also
enables us to represent the amplitude and the instantaneous frequency as functions of
time in a three-dimensional plot, in which the amplitude can be contoured on the
frequency-time plane. This time-frequency distribution of the amplitude is designated as
the Hilbert amplitude spectrum, H (ω , t ) , or simply the Hilbert spectrum. By plotting the
Hilbert spectrum of the desired IMFs which are extracted after EMD, we can obtain the
instantaneous Doppler frequencies. Thus, this new spectrum possesses a much higher
time and frequency resolution.
Compared to the numerical decomposition such as the Fourier transform, the
EMD contains more physical meaning as it is based on the intrinsic frequencies of the
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analyzed signal. This ensures that the moving velocity estimation approaches to the true
value. Besides avoiding some drawbacks of traditional Time-Frequency distributions,
these advantages of HHT prove its efficiency for Doppler frequency extraction
theoretically [37]. Using this procedure, we can analyze more signatures of human
activities in the time-frequency domain. We applied this technique on experimental data
from an ultrawideband (UWB) 1-2 GHz noise radar designed for through-wall imaging,
whose block diagram is shown in Figure6-2 [38].

Figure6-2: Block diagram of UWB noise radar.

6.2.1 Instantaneous Frequency
Human movements, such as walking, running, and even breathing, will cause
Doppler shifts in the reflected signals. These Doppler shifts are non-stationary even over
a very short period. If we use a non-adaptive algorithm (e.g. STFT and wavelet) to
analyze such non-stationary waveforms, we still can observe the Doppler shifts caused by
human movements. However, these results are filtered by some particular mathematical
model and they lose the original waveform’s characteristics. The first problem is the
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definition of the instantaneous frequency. In most time-frequency algorithms developed
thus far, the definition of frequency is global. In the implements of these algorithms, the
“global” frequency is actually averaged over a certain time period and usually much
larger than the correlation time of the waveform. From the concept of HHT, we know the
frequency is defined as a temporally local phenomenon which leads to the concept of an
instantaneous frequency. Here we present our detection model for instantaneous
frequency in our application.
In the radar received signal, the conventional estimation of frequency uses
traditional approaches, such as FFT or STFT. Both of these two algorithms are based on
mean frequency estimation. Although STFT, shown in equation Eq.6-2, has an adjustable
window function w′ ( t ) to estimate the mean frequency in a specified time window, this
is only appropriate if the signal is stationary within that window. If our received signal
includes non-stationary signals, the frequency estimation fails when we apply the STFT.

STFT ( t , ω ) = ∫ s ( t ′)w ( t ′ − t ) exp {− jωt ′}dt ′

(6-2)

Before the development of the Hilbert-Huang Transform (HHT), the definition of
instantaneous frequency in other time-frequency analysis models was not valid. There
exists a paradox when we try to define instantaneous frequency. Since we still use a mean
frequency over a short time window to estimate the instantaneous frequency, uncertainty
always exists. Therefore, this uncertainty is the spread of instantaneous frequency, shown
in Eq.6-3. In Eq.6-3, ϕ ′ ( t ) is the derivative of phase and this is the original definition of
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instantaneous frequency. In Eq.6-3, the instantaneous frequency estimation, ω i , is given
by the mean frequency ω .

σ 2 IF = ∫ (ϕ ′ ( t ) − ωi
= ∫ (ϕ ′ ( t ) − ω

) s (t )
) s (t )
2

2

2

2

dt
(6-3)

dt

Then the bandwidth can be formed as shown in Eq.6-4.
2

B =σ
2

2
IF

⎛ A′ ( t ) ⎞
2
A t dt
+ ∫⎜
⎜ A ( t ) ⎟⎟ ( )
⎝
⎠

(6-4)

From Eq.6-4, we can already expect the Doppler blur will occur with STFT
estimation. The low Doppler shifts of slowly varying activities, such as breathing and
respiration, will therefore be concealed in the Doppler spread and thus undetectable. If
we can correctly estimate the instantaneous frequency in Eq.6-3, σ 2 IF will equal zero
(i.e., no Doppler spread exists), and the new bandwidth expression can be recast as Eq.6-

5.
2

⎛ A′ ( t ) ⎞
2
B = ∫⎜
A ( t ) dt
⎟
⎜ A(t ) ⎟
⎝
⎠

(6-5)

From Eq.6-5, we note the bandwidth of the non-stationary or stationary signal is
only related to its amplitude.
From the physical interpretation of empirical mode decomposition (EMD) in the
HHT analysis, it only deals with the amplitude of the unknown waveform. If we assume
different waveforms have different bandwidths, we should be able to decompose the
unknown waveform according to different oscillations. The single mode decomposed
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waveform is assigned to each intrinsic mode function (IMF) and it has a single frequency
value. That is why Hilbert transform can perform its local property with a well-defined
single frequency in each IMF.

6.3 HHT Application for Doppler Detection

6.3.1 Signal Processing Procedure for Doppler Detection
Traditional Doppler analysis of received radar signals is based upon the
application of Fast Fourier Transform (FFT) and Short-Time Fourier Transform (STFT)
to detect the Doppler shift induced by target motion. Human activities will cause different
kinds of motion and some of them are not stationary. Also, the movement speed is very
slow and its Doppler shift is much smaller than a conventional fast moving target. Noise
combined with weak returned signals will make Doppler detection unreliable because
noise contributes a lot of uncertainties to the spectrum estimation algorithms. Figure6-3
shows the FFT and the STFT characteristics of a human walking using a 10-GHz radar.
From the FFT, we cannot see any clear pattern of the human gait. The STFT shows some
frequency changes during the recorded period but those changes cannot give us a clear
idea of human walking signatures compared to previous results [39][40].
Our idea is to use EMD to perform the signal decomposition on the original signal.
Hilbert transform and STFT are applied to each IMF of interest to obtain high resolution
time-frequency signals. Using this procedure, we can analyze more signatures of human
activities in the time-frequency domain.
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In order to save time in our future work of analysis received data, we wrote a tool
for our experiments in MATLAB®. It will:
(1) Search the data file from a given folder,
(2) Read the data and analyze them with above procedure,
(3) Save the results, including data and figures.
Once we make any modifications or improvements to the algorithm in the future,
this tool can help us to process all the data again and collect the results.

Figure6-3: FFT (upper) and STFT (lower) of a human walking.
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6.3.2 EMD at Radar Signal Processing
The original idea of EMD is to ensure each IMF only contains a single mode.
That means we should separate most of the unwanted interference to different IMFs.
However, during our experiments, we found that the EMD procedure is not stable with
respect to the radar signal. Due to the manner in which the EMD algorithm is
implemented, the local highest frequency component will always be separated first. In
some cases, we will get some unexpected results. Figure6-4 gives us an example. In this
example, the low frequency component is separated into two parts (IMF1 and IMF2),
because in the left side it is the highest frequency component locally. Furthermore, as we
know, the cubic spline is defined between the sampling points. So defining the envelope
at the boundary becomes a problem and we can observe the fluctuation in IMF3 is
induced by this ‘boundary problem’.
We are working on the improvement of HHT, especially the EMD algorithm. As
mentioned above, a possible result is that the Doppler signal is separated into several
IMFs. One solution is that we can summate several consecutive IMFs. But before doing
that, we should first estimate which IMFs contain the useful information. Furthermore, to
solve the ‘boundary problem’ described above, we are considering the use of some other
interpolation method instead of the cubic spline. This method should be stable outside the
sampling points and easy to compute.
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Figure6-4: Example of unstable EMD result where unexpected fluctuations occur due to
abrupt changes in frequency content of the signal.

6.4 Time-Frequency Analysis of Human Activity

6.4.1 Human Walking Modeling
The target detection and location using the time delay technique only tells us that
a target is present at a particular range, without giving much information on whether or
not the target is a human. The time-frequency sensing method is very useful in human
identification due to the effects of human activity. Human motion such as walking,
talking, breathing, respiration will induce micro-Doppler effects on the reflected signal
that can be observed using time-frequency transforms [40]. Although these results have
been obtained using narrowband waveforms, we believe that micro-Doppler signatures
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can also be detected by through-wall UWB radars after suitable signal processing. By
looking at the frequency domain characteristics, we can identify these low frequency
signatures quite easily. Figure6-5 depicts a human walking behind a wall with legs and
arms swinging. Obviously, these periodic movements will cause micro-Doppler
modulation in the reflected signal, which can be detected by radar. Although prior
research indicates that a human’s cross section will change with time during walking, it is
believed that such variations may be hard to detect in a noisy environment. TimeFrequency analysis using appropriate signal processing techniques are believed to be able
to overcome this problem.

Figure6-5: Model for human gait analysis.
Although advanced mechanistic models have been developed for radar
observations of human walking [41], our approach is geared toward developing a simple
model in which we consider translational and rotational motions. In Figure6-4, we
present the development of our model for simulation analysis. We assume that each arm
or leg contains many scattering centers and that each center has different radar cross
sections and rotation speeds. Let the radar transmit frequency be denoted as f 0 and its
wavelength denoted as λ0 . The received signal s (t ) contains a phase modulation term
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φi (t ) due to the i-th scatterer on the swinging limb (arm or leg), which when swinging at
an angular frequency of ω causes the instantaneous range to the radar r (t ) to vary.
Assume also that R0 and φ0 are the initial range reference and initial angle between the
human torso and the limb at time t = 0 , respectively. Further, let Vwalk denote the
walking speed and l denote the distance of the scattering center from the joint with the
torso. Closely following the development in [42], we can express the instantaneous range
and the phase modulation terms as Eq.6-6 and Eq.6-7, respectively,
r (t ) = R0 + Vwalk t ± l sin θ 0 cos ωt ± l cos θ 0 sin ωt

φi (t ) =

4πr (t )

λ0

(6-6)
(6-7)

Neglecting amplitude factors, the radar received signal from the i-th scatterer can
be expressed as Eq.6-8.
s R (t ) = cos{2πf 0 t + φi (t )}

Figure6-6: Geometry of human motion analysis.

(6-8)
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After motion compensation and removing the constant phase terms, we obtain the
following expression for the baseband signal (i.e., stripped of the carrier), where we
explicitly note its dependence on t and l as Eq.6-9:
s B (t , l ) = cos

4π

λ0

l sin{ωt + θ o }

(6-9)

The total baseband signal is the obtained by integrating s B (t , l ) over the length of
the limb L . This is obtained as Eq.6-10
L
⎡ 2πL
⎤
⎡ 2πL
⎤
s L (t ) = ∫ s B (t , l )dl = L cos ⎢
sin{ωt + θ 0 }⎥ sinc ⎢
sin{ωt + θ 0 }⎥
⎣ λo
⎦
⎣ λo
⎦
0

(6-10)

The total baseband signal from the motion of the two arms and the two legs can
be represented as Eq.6-11

stotal ( t ) = ∑ sleftleg ( t ) + srightleg ( t ) + sleftarm ( t ) + srighttarm ( t )

(6-11)

We can now express the Short Time Fourier Transform (STFT) for observing the
time-frequency signature as Eq.6-12 [43]
STFT (t , ω ) = ∫ stotal (τ )γ (τ − t ) exp( − jωτ )dτ

(6-12)

where γ (t ) is the window function.
A typical STFT simulation of a human walking is shown in Figure6-7. The
window used is of 2.5-ms duration. The characteristic spectrogram shows that there are
specific time-frequency combinations at which the STFT magnitude reaches a peak.
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Figure6-7: STFT spectrogram of a typical human walking motion with both arms and legs swinging.

6.4.2 Human Respiration and Heartbeat Modeling
One of our research interests is to detect the human heartbeat and respiration
behind the wall by using wideband random noise source. This is very ambitious and
challenging. By searching the papers in bioelectromagnetic journals, many interesting
research results have been discovered. Noncontact cardiopulmonary monitoring is the
key technique for human breathing and heart beating detection by using microwave radar
[44]. Continuous wave (CW) waveform is the most popular one because of its single
frequency response, simple experiment design, device availability and ease of signal
processing compared to UWB radar. Recently, there is a newly published UWB pulse
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radar system [45] that can detect heart rate and respiration behind the wall at short
distances. This result shows that UWB radar can be used for heartbeat and respiration
detection but the limitations still exist. The human needs to stand close to the wall and
face the radar. It needs to average many samples to obtain the central Doppler shift. The
required bandwidth to detect small movements for SAR imaging with a fine down range
resolution of 3.75 cm is 4 GHz. For a low frequency radar system to have a 4-GHz
bandwidth is not possible. A single tone waveform to detect the micro Doppler of
respiration and heartbeat is the only solution for low frequency radar system. For
example, to find out the Doppler caused by heart beating, we need to know the heart
expanding speed. We suppose that a normal person’s maximum chest expansion speed is
around 5 cm/sec. For people who are exercising or sleeping, the chest expansion may be
higher or lower than this value. At the speed of 5 cm/sec, the Doppler shift
is f d =

2v ⋅ f c
=0.67 Hz at a central radar frequency of 2 GHz. This result is when the
c

human faces the radar. When the human does not face the radar; the electromagnetic
waves will not be normally incident on the chest; the Doppler shift will be much smaller.
In this thesis, a 2-GHz single tone waveform is used for detecting the respiration
of a human. For the covert detection purpose, the single tome waveform can be concealed
in a wideband noise waveform. The chest movements can be seen as a special oscillation
and its Doppler energy extracted by a Doppler radar system then processed by HHT.
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6.5 Non-stationary Doppler Modeling
A stationary signal model is often applied in the Doppler analysis of a moving
target as we previously see in Section 6.4. The Doppler analysis of biometric radar signal
is more complicated than a moving target with a constant moving speed and direction.
For example, a heartbeat radar signal has been described by a harmonic function
containing fluctuations from skin and tissue [46]. Although any human body movement
can be modeled using such a function, this function is linear and stationary. However,
mechanistic studies have shown that human body motion is usually nonlinear and
nonstationary. While most time-frequency algorithms are only able to estimate linear and
stationary signals, the HHT is able to analyze such nonlinear and nonstationary signals.
We propose a nonstationary signal Sm shown in equation Eq.6-13 to describe, for
example, an arm waving in front of the radar. Such a composite waveform can be
described by two distinct functions, Cmu and Cmd , where Cmu represents the increase and
Cmd represents the decrease of the Doppler shift. The time durations of Cmu and Cmd are
tmu and tmd respectively, which are randomly generated, but limited to the total number of
movements N and total recording time ttotal . Also, f mu and f md represent increasing and
decreasing Doppler shifts which are randomly dependent on the durations of tmu and tmd ,
′ represent the instantaneous values of tmu and tmd , and β mu and
′ and tmd
while tmu

β md represent the increasing and decreasing slope of Doppler shifts. These variables are
described in Eq.6-14 to Eq.6-19. Eq.6-20 is the summation of entire recording data and
this is the input nonlinear and nonstationary data for the time-frequency analysis.
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Sm = Cmu ( tmu , f mu ) + Cmd ( tmd , f md ) ;

ttotal
;
N
t
0 ≤ tmd ≤ total ;
N
t
t
⎡
⎤
= to tal ± ⎢ (0 % − 5 0 % ) ⋅ to tal ⎥ ;
2⋅N ⎣
2⋅N⎦
t
t
⎡
⎤
= tota l ± ⎢ (0 % − 5 0 % ) ⋅ tota l ⎥ ;
2⋅N ⎣
2⋅N⎦

(6-13)

0 ≤ tmu ≤

tm u
tm d

(6-14)

(6-15)

2
f mu = f m + β mu t ′mu
;

(6-16)

2
f md = f m − β md t ′md

(6-17)

β mu =

( fm − f0 ) ;

(6-18)

β md =

( fm − f0 ) ;

(6-19)

tmu

tmd

STotal = ∑ Sm = ∑ Cmu ( tmu , f mu ) + Cmd ( tmd , f md );

(6-20)

The instantaneous frequency versus time dependence of the nonlinear and
nonstationary composite signal STotal is shown in Figure6-8 together with its individual
components Sm . Clearly, this signal is different from the simple harmonic motion
normally assumed for limb motion.
The simulation results of the arm waving are shown in Figure6-9. The
spectrograms of arm waving are estimated by using both STFT and HHT. The highest
Doppler shift is randomly set around 15 Hz and this uncertainty is adjustable. The STFT
result does not give us good resolution for the arm waving motion and it is difficult to see
the fluctuations between each arm waving pattern. However, the HHT result shows much
better resolution and the fluctuations are clearly separated with the arm waving pattern. In
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this sense, the hidden biometric information can only be seen in the HHT. Figure6-10 is
the experimental result of the arm waving signal and we note that the simulation result is
close to this real measurement.

Figure6-8: Instantaneous frequency as a function of time for nonstationary signal
described by equation Eq.6-20.
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Figure6-9: Simulation results of arm waving in STFT and HHT spectrograms.

Figure6-10: Experimental results of arm waving in HHT spectrogram.
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This modeling can be also used for the estimation of low Doppler shift below 2
Hz, e.g. heartbeat and respiration. Figure6-11 and Figure6-12 are the spectrograms of
respirations in STFT and HHT, respectively. The Doppler signatures of respiration are
not clear in both spectrograms. The Doppler signature can only be seen in the IMFs and
IMF 8 contains the respiration information by comparing the maximum power in each
IMF, as seen in Figure6-13. This simulation result is compared to the experimental result
in the next section.

Figure6-11: Simulation results of respirations in STFT spectrogram.

Figure6-12: Simulation results of respirations in HHT spectrogram
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Figure6-13: IMF of interest and corresponding FFT of simulated human breathing.

6.6 Waveform Design

6.6.1 Single Frequency Waveform Design
It is well known that a single tone waveform gives better Doppler estimation
compared to a wideband waveform, since the Doppler is not spread over a wide range.
The problem of Doppler estimation becomes more severe for a UWB waveform.
However, the drawback of this single tone waveform is that it is overt and therefore can
be easily detected by the adversary using very simple off-the-shelf equipment, such as an
inexpensive spectrum analyzer. On the other hand, UWB noise waveforms are covert and
have high range resolution due to their wider bandwidths. Our approach is to conceal a
single tone signal for Doppler detection within a UWB noise signal for radar probing.
Before designing such a composite waveform, we need to test a single tone waveform
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within the same frequency range as the covert UWB waveform for its ability to extract
and analyze the Doppler signatures of various human activities.

6.6.2 Noise-like Waveform Design
Covert detection of human activities is the main challenge of current through wall
sensor systems. Ultrawideband (UWB) signals provide good range resolution to detect
slight movements of humans at a physical distance, but we lose the opportunity to
estimate Doppler information using such a wideband waveform. Adaptive waveform
decomposition gives us a chance to design a covert waveform for our purpose. The idea
is to hide a single tone frequency within the wideband noise, thereby keeping the signal
noise-like without much change in its statistical characteristics. This single frequency
waveform can be hidden anywhere within the wideband noise as long as its power
spectral density (PSD) is comparable to the noise waveform, as shown in Figure6-14.
After EMD, we need to focus on signature search only at our expected IMFs. Some initial
results are presented in the next subsection.

We hide waveform here

Figure6-14: Noise-like waveform design showing the PSD of the UWB noise and
concealed single tone.
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6.7 Experiment Results

6.7.1 Experiment Setup
The radar system is designed at L-band frequency range (1−2 GHz). It can emit a
single tone waveform or a single-tone embedded in a noise-like waveform. Figure6-15
shows our radar system and experimental setup.



Figure6-15: Photograph of the noise radar system (left) and experimental setup (right).

6.7.2 Human Walking Detection
The human walking signatures were not very clear due to the non-optimal
selection of sampling rate. Our current improvements in the HHT signal processing tool
make human walking signatures much clearer. The conventional analysis of human
walking using STFT cannot see the Doppler shifts from arms and legs clearly. These

129
activities are greatly improved by using HHT processing. Figure6-16 is the experimental
results of Doppler shifts caused by arm waving only. Note that the HHT has much better
resolution compared to STFT (Hamming window length is 512, FFT length is 50 and
sampling frequency is 1000 Hz). Each arm wave should have a slight different shape
because the waving speed and direction are not exactly the same each time. Figure6-17
shows the experimental results of human walking in front of the radar. From the HHT
result, we can see the Doppler shifts of arm waving and human body motion. One can
also observe the human approaching and receding in front of the antenna. From the STFT
results in Figure6-17, we can only see five identical patterns and no additional
information can be gleaned.

Figure6-16: Arm waving detection.
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Figure6-17: Human walking detection (scenario #1).
Figure6-18 is another scenario of human walking. Human movement is
characterized by stopping, then walking, and then stopping. Walking involves arm
waving, which obviously causes higher Doppler compared to the body movement. From
this test, we can see the good sensitivity in HHT processing. The HHT is represented by
instantaneous frequency and one can see the arm waving from an elapsed time of 2.5
second in the HHT spectrum. Unlike the poor resolution in the STFT spectrum, the HHT
gives us the clear pattern of this human movement. From a 3-D display of the HHT data
shown in Figure6-19, we can see that when the human is approaching our radar, the
reflection energy is higher. The human distance can also be presented from the power
level detection of the HHT spectrum.
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Figure6-18: Human walking detection (scenario #2).

Figure6-19: 3-D HHT Human walking detection.
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6.7.3 Respiration Detection

6.7.3.1 Single Tone Waveform
To test the concept of using HHT for human breathing characterization, we first
used a 10-GHz signal. However, for through wall imaging, 10-GHz signals will not be
useful due to high attenuation offered by walls. We then used a 2-GHz single tone signal
for testing. Obviously, a Doppler radar operating at 2-GHz has a lower Doppler shift than
a 10-GHz signal, and the results were not as satisfactory. After we analyzed data from
more tests, we determined the possible reasons why a 2-GHz Doppler radar is not as good
as a 10-GHz Doppler radar. These reasons are listed below:
(1) The sampling rate is too low. Since the Doppler shift is five times smaller at 2
GHz compared to 10 GHz, we need more averaging to suppress the uncertainty
caused by the random noise waveform. Higher sampling rate can increase the
number of decimated waveforms to perform more averages.
(2) Excessive phase noise may be present. We may need to use the same signal
generator to set the reference signal at 0 Hz. Two oscillators will have a phase
relationship that will invariably change with time. If there is no target moving but
the phase difference at RF and LO is changing, a false alarm indicating a moving
target may be present. This problem will increase the uncertainty of Doppler
detection.
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(3) Input power of RF is not adequate and transmit RF signal leakage still dominates
the input RF channel of the mixer. This may be caused by the low isolation of
the circulator or low received target signal.
After we addressed the above problems, we were successful in finding human
breathing signatures at the specified IMF. The FFT provides the simplest way to
estimate the power level at each IMF. In Figure6-20, we can see that the highest
power peak is at IMF8 and this means that most of the Doppler energy is confined
here. The count of the peaks in IMF8 is ten (10), which matched the actual breath
count over the 20-second measurement period. For no-human data (IMF8),
corresponding power levels and peak amplitudes were ~16 dB lower than for data
from human breathing, as seen in Figure6-21.
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Figure6-20: IMFs of interest and corresponding FFT of human breathing.
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Figure6-21: IMF8 and corresponding FFT for no-human data.

6.7.3.2 Experimental Results Using 1−2 GHz Noise-like Waveform
The experimental results from the noise-like waveform are worse than single tone
waveform due to the increase of uncertainty due to the transmitted noise. In order to
overcome this problem, we increase the sampling rate of data recorder to 50 kHz. We
form ten new data sets with decimation. EMD is applied for each data set and identical
IMFs are summated and averaged. This averaging process will increase the signal-tonoise ratio of the baseband signal and uncertainty will be minimized with more number
of averages.
For IMF8 in no-human data, shown in Figure6-22, the power level and peak
amplitudes are 3 dB lower than for IMF 8 in human breathing data, shown in Figure6-23.
If we look at the power level of IMF8 of no-human data in Figure6-22, there are many
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peaks with the same strength peak powers from 0.4 Hz to 0.8 Hz. There is no significant
oscillation in no-human. The peaks can be considered as noise. The power level of human
breathing IMF8 is the highest among other IMFs shown in Figure6-23. Although the
highest power is about 0.65 Hz at IMF8, we still observe some peaks that are close to this
major peak and they are at 0.5 Hz and 0.75 Hz. The peaks count of IMF8 can be between
10 and 15. This range of the peaks value can be determined by the manual threshold in
Figure6-23. Our actual breathing count over the 20-second measurement period is 14 and
it is in the range of this peaks value. We believe that with more averaging, the relative
power in these peaks will be reduced and provide us a clear plot of human breathing.

Figure6-22: IMF8 and FFT of no-human breathing data with noise-like signal.
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Figure6-23: IMF8 and FFT of human breathing data using noise-like signal.

6.8 Summary
In the development of time-frequency analysis of micro-Doppler detection, HHT
is applied as the main algorithm to enhance the detection of human movements behind
the wall. The time and frequency resolution of human walking detection is increased a lot
by using HHT. A 2-GHz low frequency microwave can be used to detect human walking
behind the wall with a smaller attenuation than using a high frequency microwave to
obtain larger Doppler shift but has a larger attenuation.
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After processing the data using EMD, we are able to discern and detect the actual
human breathing with the single tone waveform. Although the data from the noise-like
waveform shows only a 3-dB difference between human breathing and no human, we
believe that this technique shows promise for recognizing human activities covertly. This
calls for further refinement of the signal processing technique in order to extract and
characterize interesting patterns. For example, adaptive filters can be used to estimate
different human activities and cancel out the interference. We are continuing the
development of a new EMD algorithm to perform real-time processing in order to
minimize the time-consuming cost of EMD processing using the noise-like signal.
A suitable denoising algorithm is required to increase the SNR. The matched filter
is the easiest algorithm to improve the SNR of a known waveform. We also need to
design an amplitude-modulated noise-like (and therefore covert) narrowband waveform
with known characteristics that can be inserted within the ultrawideband noise to improve
the estimation of respiration and heartbeat, compared to the single tone signal. The
pseudonoise (PN) code is a promising candidate for this application. The nonstationary
model developed for describing respiration and heartbeat functions also needs some
improvement to better mimic actual motion of body parts.

Chapter 7
Conclusions and Suggestions for Future Work

7.1 Conclusions
This dissertation presents theoretical and experimental aspects of a UWB random
noise radar system that has been developed at the Radar and Communication Laboratory
(RCL) of the Pennsylvania State University. The developments of this through wall
sensing work are based on the concept of software defined radio. It is clearly established
from theoretical formulation and corresponding experiments that the behavior of the
radar can be completely and accurately analyzed.
The basic research of EM propagation and human body models are presented.
Although there are other through wall radar system designs with higher frequencies and
wider bandwidth, our system has novel design features and has overcome challenging
problems for a low frequency (below 960 MHz) UWB system.
All the parameters are based on actual measurements and correspond to the
theoretical assumptions. The dynamic range of radar system is highly dependent on the
dynamic range of the power amplifier and the directivity of transmit and receive antennas.
In this prototype system design, the dynamic range is also determined by the acceptable
detection probability (80% Pd ; 20% Pf ) of the human target presence. The development
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of Synthetic Aperture Radar (SAR) can improve the resolution of the receiver; hence, the
dynamic range can be increased. The future portable system can be realized easily based
on this prototype system design.
The results presented in this thesis show that noise radars are useful for detecting
and tracking moving humans obscured by building walls. The technique works by crosscorrelating the received signal with a time-delayed replica of the transmit waveform. The
noise waveform has excellent properties such as low cost of generation, immunity to
interference and jamming, low probability of intercept, and low probability of detection.
The LPI and LPD properties make the waveform attractive for covert detection, tracking,
and imaging applications to confound today’s techno-terrorists. Additional studies are
underway to develop better signal processing algorithm to improve the SIR and new
beamforming technology to minimize the clutter fading. We believe that these improved
techniques will translate into better ROC for robust detection of human motion behind
walls.
In the development of time-frequency analysis of micro-Doppler detection, HHT
is applied as the main algorithm to enhance the detection of human movements behind
the wall. The resolution of human walking detection is much increased by using HHT. A
2-GHz low frequency microwave can be used to detect human walking behind the wall
with smaller attenuation than a high frequency waveform. After processing the data using
EMD, we are able to discern and detect the actual human breathing with the single tone
waveform and the noise-like waveform. Although the data from the noise-like waveform
shows only a 3-dB difference between human breathing and no human, we believe that
this technique shows promise for recognizing human activities covertly. This calls for
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further refinement of the signal processing technique in order to extract and characterize
interesting patterns. For example, adaptive filters can be used to estimate different human
activities and cancel out the interference. We are continuing the development of a new
EMD algorithm to perform real-time processing in order to minimize the time-consuming
cost of EMD processing using the noise-like signal.

7.2 Future Work
This study provides the background knowledge of advanced design of a portable
through wall radar system. The following subsections are the summaries of the future
developments of this study.

7.2.1 Portable System Design
System on board design: If we do not find an FPGA board in the market for our
application, we will need to design a PCB for this portable system and integrate our
system with RF devices, electronic devices, memory, FPGA chip, controllers, LCD
monitor, and DSP chips.

Antenna system design: For target tracking function, beamforming or scanning
array antenna with small size and light weight is needed for the antenna system. The
design of antenna control is very important to determine the scanning range.

Searching function: Our system will have a 2-D searching function and a
networked radar architecture will be designed to have at least three single radar systems.
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Handheld design packaging: The mechanical design of this system will be based
on the need and convenience of hand-held operation.

Advanced signal processing function: New signal processing algorithms will be
added and realized within our FPGA based system. HHT and mutual information
algorithms are some that will be incorporated as they are refined and finalized.

Frequency selection: For tracking of changing human position within the room,
low frequency and low bandwidth are adequate for cross-correlation detection. However,
human breathing and heartbeat are difficult to detect due to the small distances moved by
the chest cavity. Although we can use higher frequency and wide bandwidth operation,
signal penetration within walls will be a problem. We are exploring several options.

Software defined radar: It is required to design digital filters to replace RF filter
and filter parameters can be adjusted. We also need to design digital cross-correlation,
digital delay line, memory usage and management.

SAR image and processing: Circular SAR (C-SAR) imaging needs to be
investigated for target tracking by placing antennas on a rotating pedestal. Linear SAR is
not good for field operation and must be avoided.

7.2.2 Human Location Detection Using a Single-antenna Noise Radar System
In order to avoid the saturation in the receiver front-end low noise amplifier (LNA)
in the single antenna system using a circulator (without any leakage cancellation), we
used attenuators at the LNA input and the transmitter power amplifier (PA) output. After
we added a 10-dB attenuator at the LNA input, the saturation problem was solved but the
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received power from the target reflection also decreased. The maximum detection range
was now reduced to only 3 meter, as shown in Figure7-1. From the radar range equation,
we know that this 10-dB decrease will cause detection range drop from 6 meter to 3
meter. From the plots of the two averaged clutters in Figure7-1 (top), one can see that the
two clutters are not identical, but the average clutters of two antenna systems are almost
identical. If two average amplitudes of two clutters are not close to each other, the residue
peaks will be seen as a target and false alarm will increase. This can be improved by
using a high isolation circulator. The ideas of high isolation circulator design are
provided in section 7.2.3.

Figure7-1: Test results of single antenna system with a 400-750 MHz circulator.
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7.2.3 Wideband Circulator Design with High Isolations
The isolation of the wideband circulator used in the above experiments is about
20 dB in 450-820 MHz range, as shown in Figure7-2. This is a typical specification in
analog ferrite circulators. However, we need higher isolation from the transmitter to the
receiver to avoid LNA saturation without using attenuators, thereby restricting range.
This is an age-old problem of monostatic radar system design. The conventional
approach is to introduce a canceller that can produce matched amplitude and phase. But it
is very hard to optimally tune this analog canceller. Also, temperature and other unknown
factors will degrade the performance. Digital adaptive canceller is a new solution to
improve this leakage problem and has been successfully used for the FMCW radar
system. That means pseudo noise can be estimated and cancelled by this digital canceller.
But estimation of random noise is still a challenge.
Our solution of slow-moving target detection is to increase the isolation by using
a circulator based on operational amplifier (OPAMP) circuits (i.e., totally ferrite-less)
which can achieve isolations of the order of 35-40 dB. This analog circuit design of the
circulator can be simulated by using ADS and PSPICE. The selection of OPAMP is a key
issue of this design. Besides, digital high pass filter is needed in the receiver and it is very
sensitive to the Doppler shift in the reflected signal.
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Figure7-2: Test results of 400-750 MHz circulator.

7.2.4 Waveform Design for Covert Detection of Human Doppler Signature
The denoising algorithm is needed to increase the signal to noise ratio. Matched
filter is the easiest algorithm to improve the SNR of a known waveform. Now we need to
design a narrowband waveform that is modulated in amplitude. The pseudonoise (PN)
code is the most robust algorithm of anti-jamming waveform design. If we do not use
modulated waveform for transmitted signal and only insert single tone waveform in the
wideband noise, it is difficult to estimate the respiration and heartbeat. The consideration
is how to demodulate the waveform effectively. We will continuously work on this covert
Waveform design.
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Appendix A
List of Simulation Codes for Range Detection
Start here

clear all;close all;
N=2600;
% Reflected coefficients Ki Caculation-----------------------------------e_0=8.854*10^-12;
u_0=4*pi*10^-7;
e_r=input('Wall Dielectric =');
e_water=80;
e_air=1*e_0;
e_r=e_r*e_0;
phi_1=sqrt(u_0/e_air);
phi_2=sqrt(u_0/e_r);
R_p=(phi_2-phi_1)/(phi_1+phi_2);
% Reflected from dielectric to
air
R_n=(phi_1-phi_2)/(phi_1+phi_2);
% Reflected from air to
dielectric
R_h=(1-sqrt(e_water))/(1+sqrt(e_water)); % Reflected from human to air
T_p=1+R_p;
% Penetrating from air to
dielectric
T_n=1-R_n;
% Penetrating from dielectric to air
k1=abs((T_p*T_n)^2*R_h);
% coefficient for
human reflection signal
k2=abs(R_p);
k3=T_p*R_n*T_n;
k4=T_p*R_n*R_n*R_n*T_n;

%====================Transmit Signal===============================
% Human Body Attenuation 1/1.5 GHz *3*10^8=20 cm
attenuation(1)=.39;
% Skin
-8 dB
attenuation(2)=.2511; % Fat
-12 dB
attenuation(3)=.178; % Muscle
-15 dB
attenuation(4)=.1;
% Cartilage -20 dB
attenuation(5)=.0178; % Heart
-35 dB
dl=input('data length =');% Transmit Data Length
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%===============Human Radar Range Equation===================
beam=input('Antenna beamwidth = ');
beam=180/beam;
lida=3E8/575E6;
d_h=10*input('Human to radar = ');
% Human position
height=tan(pi/beam)*(d_h/10);
if height>1.8 %Human height
height=1.8
end
RCS_H=height*0.55;
R=d_h/2*0.2;
dB=30;
% Receive attenuation is according to radar range equation
receive_attenuation_h=sqrt((lida^2)/(4*pi)^3*RCS_H/(R^4));
LNA=sqrt(10^(dB/10));

%===============Wall Clutter Radar Range Equation===================
% Wall Attenuation 1/1.5 GHz *3*10^8=20 cm
wall_attenuation(1)=k2;
% first
wall_attenuation(2)=k3; % second
wall_attenuation(3)=k4; % third

w_d=10*input('Antenna to wall = ');
d_clutter=1.8+w_d; % Wall position
RCS_C=pi*((d_clutter/10*tan(pi/beam))^2);
R_c=d_clutter/2*0.2;

%

% Receive attenuation is according to radar range equation
receive_attenuation_c=sqrt((lida^2)/(4*pi)^3*RCS_C/(R_c^4));
%======================================================================
====
%================================Received
Signal=============================
loop=input('numbers of data acquisitions = ');
Interference=input('Interference Power (dBm) =');
Interference=Interference-60;
tx_power=input('transmitter power (dBm) = ');
tx_power=tx_power-60

for LL=1:loop % Signal Acquisitions
%========== Interfernce Signal
=========================================
wp=[10 700]/750;
ws=[5 749]/750;
Rp = 1; Rs =40;
[n Wn] = buttord(wp,ws,Rp,Rs);
[b,a] = butter(n,Wn);
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%freqz(b,a,128,1.5E9);
r_x=wgn(1,2500, Interference, 50, 'dBm', 'real');
receive signal
r_x=filter(b,a,r_x);

%

r_x1=zeros(1,N); %reshape receive signal
for n=1:2500
r_x1(n)=r_x(n);
end
%======================================================================
==

%=================== Transmitter Random-Noise
===============================
wp=[263 730]/750;
ws=[10 749]/750;
Rp = 1; Rs =40;
[n Wn] = buttord(wp,ws,Rp,Rs);
[b1,a1] = butter(n,Wn);
%freqz(b1,a1,128,1.5E9);
t_x=wgn(1,dl,tx_power, 50, 'dBm', 'real');
t_x=filter(b1,a1,t_x);
t_x1=zeros(1,N); %reshape receive signal
for n=1:dl
t_x1(n)=t_x(n);
end
% Human Target Return Delay
r_x2=zeros(1,2600);
for t_delay=d_h:d_h+4;
for n=1+t_delay:dl+t_delay
r_x2(t_delay,n)=attenuation(t_delay-d_h+1)*t_x(nt_delay);
end
end
Human=sum(r_x2);
Human=receive_attenuation_h*LNA*Human;
%=====================================================
% Wall Clutter Return Delay
r_x3=zeros(1,2600);
for t_delay=w_d:w_d+2;
for n=1+t_delay:dl+t_delay
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r_x3(t_delay,n)=wall_attenuation(t_delayw_d+1)*t_x(n-t_delay);
end
end
Wall=sum(r_x3);
Wall=receive_attenuation_c*LNA*Wall;
%====================Receive Signal (With target
reflection)===============================
receive=1*r_x1+1*Human+1*Wall; %interference(r_x1) + Human
Return(Human)+clutters return(r_x3)
length=dl; %cross-correlate length
%=============Cross-correlate without Adaptive Filter============
for delay=1:100;
xx=xcorr(t_x,receive(delay:length+delay-1));
Auto_No(LL,delay)=xx(length);
end

end % end of loop

%==============================Receive Signal (Background
Reflections)=============================
%======================================================================
for LL=1:loop
Rp = 1; Rs =40;
[n Wn] = buttord(wp,ws,Rp,Rs);
[b1,a1] = butter(n,Wn);
%freqz(b1,a1,128,1.5E9);
t_x=wgn(1,dl,tx_power, 50, 'dBm', 'real');
t_x=filter(b1,a1,t_x);
t_x1=zeros(1,N); %reshape receive signal
for n=1:dl
t_x1(n)=t_x(n);
end
% Human Target Return Delay
r_x2=zeros(1,2600);
for t_delay=d_h:d_h+4;
for n=1+t_delay:dl+t_delay
r_x2(t_delay,n)=attenuation(t_delay-d_h+1)*t_x(nt_delay);
end
end
Human=sum(r_x2);
Human=receive_attenuation_h*LNA*Human;
%=====================================================
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% Wall Clutter Return Delay
r_x3=zeros(1,2600);
for t_delay=w_d:w_d+2;
for n=1+t_delay:dl+t_delay
r_x3(t_delay,n)=wall_attenuation(t_delayw_d+1)*t_x(n-t_delay);
end
end
Wall=sum(r_x3);
Wall=receive_attenuation_c*LNA*Wall;
dd=1:delay;
figure(1)
plot(dd/10,abs(sum(Auto_No)/loop));
title('Human Target detection without background subtraction
(Time) ')
xlabel('distance(meter)')
ylabel('Autocorrelation Power')
figure(2)
b_s=abs(sum(Auto_No)-sum(Auto_No_Human));
plot(dd/10,b_s/loop);
title('Huamn Target detection with background subtraction (Time)
')
xlabel('distance(meter)')
ylabel('Autocorrelation Power')
total_p=sum(b_s(1:100));
[peak_p index]=max(b_s(w_d+1:d_h+2));
Human_behind_the_wall=index*0.1
noise_p=(total_p-peak_p)/(100)
SNR_dB=10*log10(peak_p/noise_p)
SNR=peak_p/noise_p
figure(3)
for i=1:loop
tt=Auto_No(i,:)-Auto_No_Human(i,:);
human_p(i)=tt(d_h+1);
end
Gaussian=wgn(1,100,tx_power, 50, 'dBm', 'real');
g=hist(Gaussian,10);
plot(g/sum(g));
hold;
h=hist(human_p,10);
plot(h/sum(h),'--')
title('Probability density function of human reflected signals and
Gaussian')
xlabel('Bins')
ylabel('Probability')
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