AFRL-RY-WP-TP-2010-1149

COMPARISON OF RADAR-BASED HUMAN DETECTION
TECHNIQUES (POSTPRINT)

Sevgi Zubeyde Gurbuz, William L. Melvin, and Douglas B. Williams
Georgia Tech Research Institute

JUNE 2010

Approved for public release; distribution unlimited.

See additional restrictions described on inside pages

STINFO COPY

© 2007 IEEE

AIR FORCE RESEARCH LABORATORY
SENSORS DIRECTORATE
WRIGHT-PATTERSON AIR FORCE BASE, OH 45433-7320
AIR FORCE MATERIEL COMMAND
UNITED STATES AIR FORCE



REPORT DOCUMENTATION PAGE O A e

The public reporting burden for this collection of information is estimated to average 1 hour per response, including the time for reviewing instructions, searching existing data sources, gathering and
maintaining the data needed, and completing and reviewing the collection of information. Send comments regarding this burden estimate or any other aspect of this collection of information, including
suggestions for reducing this burden, to Department of Defense, Washington Headquarters Services, Directorate for Information Operations and Reports (0704-0188), 1215 Jefferson Davis Highway, Suite
1204, Arlington, VA 22202-4302. Respondents should be aware that notwithstanding any other provision of law, no person shall be subject to any penalty for failing to comply with a collection of information if it
does not display a currently valid OMB control number. PLEASE DO NOT RETURN YOUR FORM TO THE ABOVE ADDRESS.

1. REPORT DATE (DD-MM-YY) 2. REPORT TYPE 3. DATES COVERED (From - To)
June 2010 Conference Paper Postprint 08 September 2006 — 31 August 2009
4. TITLE AND SUBTITLE 5a. CONTRACT NUMBER
COMPARISON OF RADAR-BASED HUMAN DETECTION TECHNIQUES FA8650-05-D-1912-0007
(POSTPRINT) 5b. GRANT NUMBER
5c. PROGRAM ELEMENT NUMBER
62204F
6. AUTHOR(S) 5d. PROJECT NUMBER
Sevgi Zibeyde Girbtz, William L. Melvin, and Douglas B. Williams 7622
5e. TASK NUMBER
11
5f. WORK UNIT NUMBER
7622110P
7. PERFORMING ORGANIZATION NAME(S) AND ADDRESS(ES) 8. PERFORMING ORGANIZATION
Georgia Tech Research Institute REPORT NUMBER

School of Electrical and Computer Engineering
Georgia Institute of Technology

Atlanta, GA

9. SPONSORING/MONITORING AGENCY NAME(S) AND ADDRESS(ES) 10. SPONSORING/MONITORING
Air Force Research Laboratory AGENCY ACRONYM(S)
Sensors Directorate AFRL/RYRR
Wright-Patterson Air Force Base, OH 45433-7320 11. SPONSORING/MONITORING
Air Force Materiel Command AGENCY REPORT NUMBER(S)
United States Air Force AFRL-RY-WP-TP-2010-1149

12. DISTRIBUTION/AVAILABILITY STATEMENT
Approved for public release; distribution unlimited.

13. SUPPLEMENTARY NOTES
PAO Case Number: WPAFB 07-0479; Clearance Date: 19 Nov 2007.
Conference paper published in the Proceedings of the 41st Asilomar Conference on Signals, Systems and Computers;
conference held in Pacific Grove, CA, 4-7 Nov. 2007. Paper contains color.
© 2007 IEEE. This work was funded in whole or in part by Department of the Air Force Contract FA8650-05-D-1912-
0007. The U.S. Government has for itself and others acting on its behalf a paid-up, nonexclusive, irrevocable worldwide
license to use, modify, reproduce, release, perform, display, or disclose the work by or on behalf of the U.S. Government.

14. ABSTRACT
Radar offers unique advantages over other sensors in the human detection problem, such as remote operation during
virtually all weather and lighting conditions. Many radar-based human detection systems today employ Fourier analysis,
such as spectrograms. However, spectrograms perform poorly in high clutter environments. Also, an inherent SNR loss is
caused by the implicit assumption of linear target phase. In this paper, human modeling is used to derive a more accurate
non-linear approximation to the true non-linear target phase and the likelihood ratio is optimized over unknown
parameters to enhance detection performance. Performance is compared both analytically and through MATLAB
simulations.

15. SUBJECT TERMS
radar, detection techniques, SNR

16. SECURITY CLASSIFICATION OF: 17.LIMITATION | 18. NUMBER | 19a. NAME OF RESPONSIBLE PERSON (Monitor)
a. REPORT | b. ABSTRACT | c. THIS PAGE OF ABSTRACT: OF PAGES Nivia Colon-Diaz
Unclassified | Unclassified | Unclassified SAR 12 19b. TELEPHONE NUMBER (Include Area Code)
N/A

Standard Form 298 (Rev. 8-98)
Prescribed by ANSI Std. Z39-18




Comparison of Radar-Based Human
Detection Techniques

Sevgi Ziibevde Giirbiiz', William L. Melvin®, and Douglas B. Williams’

'School of Electrical and Computer Engineering
*Georgia Tech Research Institute
Georgia Institute of Technology, Atlanta, GA

Abstract - Radar offers unique advantages over other sensors
in the human detection problem, such as remote operation during
virtually all weather and lighting conditions. Many radar-based
human detection systems today employ Fourier analysis, such as
spectrograms. However, spectrograms perform poerly in high
clutter environments. Also, an inherent SNR loss is caused by the
implicit assumption of linear target phase. In this paper, human
modeling is used to derive a more accurate non-linear
approximation to the true non-linear target phase and the
liklihood ratio is optimized over unknown parameters to enhance
detection performance. Performance is compared both
analytically and through MATLAR simulations.

[. INTRODUCTION

Much of the current research in human detection is
focused on the application of Fourier transform based
techniques, such as spectrogram analysis. In 2002,
Geisheimer [1] experimentally showed that a measured
human spectrogram could be obtained by summing the
spectrograms obtain from the reflections off each
individual body part. This result was theoretically
confirmed by Van Dorp [2], whe based his calculations
on a kinematic walking model developed by Thalmann
[3]. Comparisons between the human spectrogram and
the spectrograms of other animals, such as dogs, showed
that certain characteristics were unique to just humans
and that these characteristics could be used in human
detection and identification. For example, Otero [4]
proposed techniques based on features extracted from
the spectrogram to differentiate humans from dogs, or
even women from men. Greneker [5] designed and
tested a suicide bomber detection system based on
variations in the spectrogram caused by the presence of
a bomb.

However, all of these systems were used in close
proximity or in situations where the clutter was minimal.
In practice, spectrograms are almost completely
obscured in high clutter environments, rendering
impossible the accurate extraction of any information
[6]. Furthermore, application of the FFT implicitly
assumes that the target phase history is linear, an
assumption not generally true for non-linear phase
human targets. The resulting phase mismatch results in
an inherent SNR loss due to the detector, decreasing

even further the chances of detecting slow-moving
human targets.

In this paper, Thalmann’s kinematic model is used as
a basis for deriving a more accurate non-linear
approximation to the true target phase. Maximum
liklihood estimates (MLE) of unknown geometry and
target parameters are obtained to maximize the
likelihood ratio and resulting matched filter output. The
performance of the FFT-based matched filter is
compared to that of the proposed optimized linear and
nonlinear phase detectors, as well as to the ideal
“clairvoyant”  detector, representing the  best
performance attainable with complete knowledge of the
target.

II. SIGNAL MODELLING

In general the received radar signal is comprised of
the sum of noise plus a time-delayed and phase-shifted
version of the transmitted chirp signal. For the purposes
of this paper, the noise is modeled as being complex
Gaussian, Then the target return may be expressed as

Sr(”J)atreCf(ftd }E"[_w‘t‘ﬁm{?_td)?]’ (1)
T

where a is the amplitude as given by the radar range
equation; t; =2R/c: R is the range from the anterma to

target; ¢ is the speed of light; T is the pulse width; v is
the chirp slope; f, is the transmitted center frequency;
and n is the pulse number.

If the noise is small compared to the signal energy,
the peak of the pulse compression output occurs at the
range bin in which the target is present:

A,
A TR (2)

y,n=a /AN =
r t R2[n]
where A is an unknown amplitude parameter and the
slow-time dependence on pulse number, n, is
emphasized with brackets. Typically this peak is
indiscernable in noise, so that the detection test must be
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applied separately over each range bin. However, in the
case of human targets, the center of the range bin, ry, is
not a sufficiently accurate approximation to the true
target location.  Most human target motion will
generally remain within one range bin, excepting the
case of very long dwell times.

A Dbetter approximation of target range may be
obtained by assuming that the motion is linear along a
constant angle, 6, relative to the initial antenna-target
vector (see Fig. 1). First define ry as the vector between
the aperture and initial target location; r, as the vector
between the aperture and target location at the n™ pulse;
and h as the vector describing human motion. Then,

|rn|2 = |r1|2 +|11|2 —2Jry[Jh|cos & 3)
Since [h| <<ry| and (i1 x z1+% for small x,

|rn| = |r1| - |h|cos€ “)

h Final Target

Initial Target :
Location

Location

Antenna
Location

Figure 1. Target Geometry

A.  Linear Phase Approximation

If we model Ihl as simply a constant velocity, v, times
the pulse repetition interval, T, times the pulse number,
n, then subsituting (4) into (2) results in a linear phase
model

A Aj4—7gcﬁ(r~nTvcos€) , (5)
yp [f’l] = 76 ¢
Ty

where the range term of the amplitude has been modeled
as 1y, since the effect of perturbations in the amplitude is
negligible; and Iryl=r an unknown parameter.

B.  Non-Linear Phase Approximation

The Thalmann kinematic model for human walking
consists of a set of equations that describe the time
varying position and change in angle of key joints and
limbs. Combined, they can be used to calculate the
time-varying position of any point in the human body.

In this work, the human body has been divided into
twelve parts: head, torso, two upper arms, two lower
arms, two thighs, two lower legs and two feet. Each
body part is modeled as a point target with a cylindrical
radar cross section (RCS), excepting the head which is
modeled with a spherical RCS. The total radar return is
given by the sum of the returns from each point target.

Each kinematic equation depends on two variables:
1) RV, the ratio of velocity (v) to thigh height (HT),
and 2) t%, a time index taken relative to the beginning
of a step. Mathematically,

RV=_" (6)
HT
and
1% ="L_JRV +1, N
1.346

where tp is a constant indicating the point within the
stepping cycle that the first transmitted pulse reflects
from the target. The velocity profile of each body part
can be clearly seen in the resulting human spectrogram.
The strongest return results from the low-amplitude
sinusoidal motion of the torso, while the largest
Doppler amplitude is given by the trajectory of the feet.
A typical measured spectrogram can be visually
matched to a sample simulated spectrogram, as shown
in Fig. 2.
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Figure 2. Human spectrograms: (a) Measured (from [4])
(b) Simulated.

Because of the strong signal strength of the return
from the torso, only the torso equations of motion will
be used in calculating Ihl:

h|> =0s? +0S} +0S%y (8)
where

08y =0.015RV[-1+sin(4m% —0.77)]
0S; = Apsin(2m%—0.27x)

{ -0.032 for0.5< RV <2.3
Ay =

—0.128RV?+0.128  forRV <05

and
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OSpp = A, sin(4m% + 28,
-0.021

A, = 5

—0.084RV> _0.084RV

¢, =-0.127+0.731¥RV

The torso model can be further simplified by
neglecting the case when RV < 0.5, as most human
targets will not fall in that range and by then averaging
the trajectories for 0.6 < RV < 2.3, the maximum RV
for which Thalmann’s model is defined. The individual
torso trajectories and resulting average trajectory is
shown in Fig. 3.

for0.5<RV <23
forRV <0.5

Individual and Average Torso Trajectories

051023

Torso Trajectories for RV

0.4 0.6
Normalized Time

0.8 1

Figure 3. Individual and Averaged Torso Trajectories.

A sinusoidal curve fit to the average torso trajectory
may be then found to be

AnT
1.346

Ih| = Aln] ~ OAOIOSCOS( VRVn+ ¢j+ 0037 @

where RV and ¢ are unknown parameters. This
expression may be substituted into (2) and (4) to obtain

7]'4’-'73 (r—Hn]cos@)
c

A
—€
rb2

¥,ln]=

(10)

III. DETECTOR DESIGN

The detector must make a decision between two
hypotheses:

Hy:

Hy:

X=W

X=y,+w

where w is Gaussian noise with covariance matrix Ry
and yp=y,[n] is the true target signal. As it is not
possible to know apriori the interference covariance
. : ; -« H
matrix, instead an estimate is used, Ry = E[XgoXtp] -

Similarly, the true target signal is approximated with an

2201
3

estimate, $po which will change depending on whether

we apply an FFT, or a linear or nonlinear approximation
to [hl.

Assuming that we’ve obtained a suitable model for
the expected target return, a likelihood ratio test may be
formed to determine the detector decision rule.

plx:Hg)=

‘ (11)
P(X;H1)=m

P(X§H1)

>y Re{yHRf1X}> ¥

Decide Hyif
! P(X§Ho) ?

where  p/= Re{yERflyp} .Q7Y(Py,) and Ppy is the
desired probability of false alarm.
A. FFT-Based Detector

Taking the FFT across-slow time for each range bin
yields the following estimate to the true target signal:

- ‘Yp (fpeak ] \/E . e—j27g‘men
NI2

3 p.aln] 0

B. Optimized Linear Phase (OLP) Detector

Inspection of (5) reveals three unknown parameters
over which the likelihood ratio must be maximized: A,
r, and y =ycosg . If we express y,=As, the an MLE
estimate of A may be found as
Re{st}

SHS

Ao (13)

The unknown parameters in the phase may be
estimated from the tangent of the phase, found by taking
the ratio of the imaginary and real parts of the signal.
This operation will convert the complex Gaussian noise
w into Cauchy noise with distribution

14
1

p(x;u,7)=nw

Here, p is a location parameter for the Cauchy
distribution that is y,, under H; and zero under Hy. The
parameter Yy is an unknown constant that drops out
during maximization.

The MLE estimates of r and v; can be shown to be
found by solving the following equation, where the
derivative is taken with respect to r or v, depending on
which estimate is being computed:

_Im{§, nl) Y Im$, 1)) _
Re(3,[n]) | Re(3,[nl}

N

Z [x[n]
n=1

(15)
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The resulting set of three equations with three —Crarveyant
5. g y o . FFT
unknowns is highly gonhnear, making 1mpos§1ble a 8 [~ Linear
closed form expression for the MLE estimates. —— Nonlinear

However, these equations may be numerically solved in 5p
MATLAB to derive a numerical solution for the
estimates. When the MLE estimates A% and ¢, are
substituted into (5) and used in (11), the OPT detector is 3t
obtained.

Phase

C. Optimized Non-Linear Phase (ONLP) Detector

The same procedure as outlined in the previous section is

employed to derive the MLE estimates for the optimized non- ol a ; " i g

. . ) . V] 100 200 300 400 500
linear phase detector based on the nonlinear motion Pulss Numibor

approximation expressed in (9). With the Thalmann-based

expression for h, (15) is numerically solved in MATLAB to Figure 4. Approximated and True Signal Phase Histories

obtain MLE estimates for the unknown parameters A, 1, VR,
¢, and 0. Substitution of these estimates into (10) and (11)
yield the ONLP detector. SNR =-20 dB

D. Clairvoyant Detector

Naturally the best possible performance is obtained if we 0.8}
have sufficient information to identically know the true signal
embedded in noise, y,. Thus, the optimal clairvoyant detector

. . P . 0.6}
is obtained by using Jp=yp in (11). =
o
04}
IV. PERFORMANCE Clairvoyant
Detector performance is compared both analytically and 0.2 FF-': : .
via simulations in MATLAB. The expected receiver gplllr_mzed Hnear
operating characteristic (ROC) curves may be mathematically o . . : on mearl
written as 0 0.2 0.4 0.6 0.8 1
PFA
_ -1 _ ~Hp-1 } 16
Pp = Q{Q (Pra)=yRel§p Ry 'y, } (16) Figure 5. Theoretical ROC Curves for All Detectors
Simulations were conducted for a human target walking at ata SNR of -20 dB

2 m/s approximately 7 km away from a radar antenna with a
transmitter power of 1.8 kW, center frequency of 1 GHz, and
a dwell time of 100 ms. SNR = -20 dB
For this example, the estimates of the phase of y, are z
compared in Fig. 4. Notice that the nonlinear phase
approximation closely follows the true target phase.
Theoretical and simulated P, versus Pr, and Pp versus
SNR curves are shown in Figs. 5, 6, 7 and 8. As expected,
the nonlinear phase detector outperforms all other detectors,
performing just under the ideal clairvoyant detector. At an
SNR of -20 dB, the ONLP detector has a Py, that is roughly
five times higher than that of the FFT-based detector. The

SNR loss for the ONLP detector is 4 dB less than that of the —Clairvoyant
FFT-based detector for most Pps. The OLP detector also ——FFT
performs much better than the FFT-based detector, although —— Optimized Linear
still falling short of the ONLP detector. Nonlinear

0 0.2 04 0.6 0.8 1

PFA
Figure 6. Simulated ROC Curves for All Detectors
at an SNR of -20 dB
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PFA = 0.01
1 T
0.8}
06}
a
o
04}
— Clairvoyant
0.2} FFT
—— Optimized Linear
— Nonlinear
0 3 ; ; , .
-30 -25 -20 -15 -10 -5 0
SNR (dB)

Figure 7. Theoretical Probability of Detection versus SNR
at a 1% False Alarm Rate for All Detectors

PFA = 0.01
1
0.8}
0.6}
[a]
o
0.4}
— Clairvoyant
0.2} FFT
— Oplimized Linear
—Nonlinear
0 . 7 ;
-30 -25 -20 -15 -10 -5 0
SNR (dB)

Figure 8. Simulated Probability of Detection versus SNR
at a 1% False Alarm Rate for All Detectors
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V. CONCLUSIONS

A new human target detector design is presented
based on more accurate modeling of the true target
phase history and optimization of the likelihood ratio
test is presented. Theoretical analysis and MATLAB
simnlations of performance show that the new detector
achieves substantially higher detection probabilities
over a range of SNRs relative to the currently obiqutons
FFT-based detector.
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