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1 OVERVIEW OF PROGRAM

This program addresses the Navy need for extended firm track range for low altitude cruise
missiles through the integration of multiple sensors. Track-Before-Declare (TBD) techniques
that utilize signal features are proposed for the synergistic integration of an Electronically
Scanned Array (ESA) radar with other sensors for the detection of weak targets. A comparison
of the performances of a notional multisensor system with that of a federated system of sensors is
planned. More specifically, the integration of an ESA radar and Infrared Search and Track
(IRST) sensor for a shipboard combat system was proposed. The computer simulation models of
the radars and IRST sensor will include the effects of many issues such as finite sensor
resolution, limitations on the sensor resources, atmospheric refraction, sensor pointing errors,
sea-surface induced multipath, nonhomogeneous clutter, sea clutter, etc. that are omitted in most
of the legacy simulations. The computer simulation models will be utilized to develop tracking
benchmark problems for broad distribution. These benchmark problems will serve to educate the
research community on many of the “real-world” problems that are faced in actual tracking

systems and the integration of multiple sensors.

The technical objectives of the project include the following:

e Development and demonstration through computer simulation of algorithms that provide
enhanced detection of weak targets through the integration of multiple sensors. More
specifically, Track-Before-Declare (TBD) techniques that utilize signal features are
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proposed for the synergistic integration of an Electronically Scanned Array (ESA) radar
with others sensors for the detection of weak targets. The integration of the ESA radar
with the Infrared (IR) sensor are to be considered. The detection performance of a
notional multisensor system will be compared with that of the federated system of

SE€NSOrs.

e Development and demonstration through computer simulation of efficient radar resource
allocation techniques that maximizes the information procured by the multisensor suite,
while accommodating remote cues and/or warnings and adapting to changes in the
characteristics of the targets of interest, weather conditions, etc. The waveforms and
revisit times of the ESA will be selected to maximize the information procured by the
multisensor system. The detection performance of a notional multisensor system with the
new resource allocation techniques will be compared to that of the multisensor system
with conventional resource allocation and that of the federated system of sensors.

This report summaries the progress and accomplishments made during October 1, 1999 and
September 30, 2000, which is the second year of a three year program. Since only a small
amount of funding was provided for this program, the progress toward the goals of this program
include a few publications and other related activities. Section 2 lists the papers that have been
published or submitted for publication, and Section 3 summarizes related activities that were
supported as part of this project.

2 PUBLICATIONS

The following four papers have been accomplished through funding from this grant. Copies of
the papers are included in Enclosures 1 though 5.

1. W. D. Blair and M. Brandt-Pearce, “Monopulse DOA Estimation for Two Unresolved
Rayleigh Targets,” IEEE Trans. on Aerospace and Electronic Systems, to appear in 2001.

2. G.C.Brown, W.D. Blair, and D.A. Diaz “Track Management Technique for Electronically
Scanned Radars,” in Signal and Data Processing for Small Targets 2000, Oliver Drummond,
Editor, Proceedings of SPIE Vol. 4048, pp. 203-210 (2000)

3. W.D. Blair and M. Brandt-Pearce, “Effects of Diffuse Multipath on the Statistics of
Monopulse Measurements,” accepted for the 2001 IEEE Radar Conference, Atlanta GA,
May 2001.




4. W. Wong and W. D. Blair, “Steady-State Tracking With LFM Waveforms,” IEEE
Transactions on Aerospace and Electronic Systems, Vol. 36, No. 2, April 2000, pp. 701-709.

5. W. Wong and W. D. Blair, “Steady-State Tracking With LFM Waveforms,” Proceedings of
32" Southeastern Symposium on Systems Theory, Tallahassee, FL, March 2000, pp. 69-73.

3 RELATED ACTIVITIES

The follow related activities have been supported at the request of the Office of Naval Research.

1. Hosted the 3 ONR/GTRI Workshop on Target Tracking and Sensor Fusion, May 17-18,
2000 at the Cobb Research Facility of the Georgia Tech Research Institute. The workshop
included approximately 50 attendees and 20 technical presentations. A proceedings of the
presentations were produced as a bound copy and on CD ROM.

2. Participated as Technical Expert in Plenary Panel Discussion entitled “Fusion: Vision and
Challenges,” Fusion 2000: 3™ International Conference on Information Fusion, Paris France,
July 10-13 (see Enclosure 6 for slides of presentation). )

3. Participated in several meetings with personnel from the United Kingdom on a Cooperative
R&D Program on Data Fusion.

» February 21-22, 2000 in NAVAIR in Lexington Park, MD: Participated in discussions on
clutter modeling, data fusion, and naval weapons systems in UK and USA that utilize
data fusion. A presentation on the JCTN Benchmark was given.

> September 14-15, 2000, DERA in Portsmouth, UK: Participated in discussions with UK's
DERA personnel on the UK's R&D programs that involve data fusion. A brief entitled
"Multiplatform/Multisensor Tracking" was given (see Enclosure 7).

Respectfully,

Wlliim D~ 64nin

William Dale Blair, Senior Research Engineer
Project Director




Monopulse DOA Estimation of Two Unresolved Rayleigh Targets

W.D. Blair
Georgia Tech Research Institute
Georgia Institute of Technology
Atlanta, Georgia 30332-0857
dale.bléir@gtri.gatech.edu

This paper provides for new approaches to the processing of unresolved measurements as
two DOA measurements for tracking closely-spaced targets rather than the conventional single
DOA measurement of the centroid. The measurements of the two closely-spaced targets are

merged when the target echoes are not resolved in angle, range, or radial velocity (i.e., Doppler
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processing). The conditional Cramer Rao lower bound (CRLB) is developed for the Direction-Of-

Arrival (DOA) estimation of two unresolved Rayleigh targets using a standard monopulse radar.

Then the modified CRLB is used to give insight into the boresight pointing for monopulse DOA
estimation of two unresolved targets. Monopulse processing is considered for DOA estimation of

two unresolved Rayleigh targets with known or estimated relative Radar Cross Section (RCS).

The performance of the DOA estimator is studied via Monte Carlo simulations and compared

to the modified CRLB.
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1. INTRODUCTION

While the problem of tracking multiple targets has been studied extensively in recent years,
the issue of finite sensor resolution has been completely ignored in almost all studies [1]. Typi-
cally, the targets are assumed to be detected with a given probability of detection in the presence
of false alarms and clutter, and the target measurements are modcled as the true values plus
independent Gaussian errors [2]. However, when two targets are closely spaced with regard to
the resolution of the sensor, the measurements from the two targets can be merged into a single
measurement. The Joint Probabilistic Data Association (JPDA) algorithm [2] was extended
in [3] to develop the JPDAM algorithm, which includes possibly merged measurements (i.e.,
unresolved targets). Multiple Hypothesis Tracking (MHT) [4] was extended in [5] to include
possibly unresolved measurements. In the JPDAM algorithm or MHT, merged measurements
are modeled as a “power” weighted centroid of the two targets. While the application of the
results of this paper can be used to enhance the JPDAM and MHT algorithms, the focus of this
paper is the generation of two Direction-Of-Arrival (DOA) estimates for tracking two unresolved

targets rather than the use of a centroid for the two targets.

Monopulse is a simultaneous lobing technique for determining the angular location of a source
of radiation or of a “target” that reflects part of the energy incident upon it [6]. In an amplitude
comparison monopulse radar system, a pulse of energy is transmitted directly at the predicted
position of the target, and the target echo is received with two beams that are squinted relative
to the predicted position of the target. (Note that two beams are required for each angular
coordinate.) Traditionally, the DOA of a target is estimated with the in-phase part (i.e., the real
part) of the monopulse ratio, which is formed by dividing the difference of the two received signals
by their sum. When target echoes interfere (i.e., the echoes are not resolved in the frequency
or time domains), the DOA estimate indicated by the in-phase monopulse ratio can wander far
beyond the angular separation of the targets [6]. In [7], Daum studied the angular estimation
accuracies of a standard monopulse radar system for two unresolved targets and showed that the
estimation accuracies decline significantly as the variance of the target amplitude fluctuations
increases. A generalized maximum likelihood ratio test is developed in [8] for detecting the
presence of unresolved Rayleigh targets. While the problem of DOA estimation of unresolved
targets has been addressed in several studies involving array signal processing [9,10] and multiple-
beam monopulse (i.e., more than two beams per angular coordinate) [11], the work of Sherman
in [6,12] is the only technique that utilizes a standard monopulse system in the DOA cstimation

of two unresolved targets.

Since the hardware of many existing systems provides output signals for standard monopulse,
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~ techniques which directly use this output can be implemented in timely and cost-efficient manner
without the development of new hardware. Sherman proposed in [6,12] the use of complex
monopulse ratios from two pulses separated sufficiently in time so that the relative phase of
the two targets changes, but sufficiently close in time so that the amplitudes of the two targets
remain fixed. Sherman then used the five measured quantities (i.e., the in-phase and quadrature
components of the two complex monopulse ratios and the ratio of the measured amplitudes
of the sum signal) to compute the DOAs of the two targets, the two relative phases, and the
ratio of the target amplitudes. In [12], the in-phase and quadrature monopulse ratios and
the Method of Moments (MM) were used to develop estimators of the DOAs for tracking two
unresolved, fixed-amplitude targets with known relative Radar Cross Section (RCS). Berkowitz
and Sherman showed in [13] that under similar assumptions the in-phase monopulse ratios from
the two angular coordinates and the ratio of the measured amplitudes from two pulses can be
used to estimate the centroid of the two targets and the slope of the line connecting them.
However, achieving two pulses with echoes that satisfy the requirements of Sherman’s technique
is questionable. Furthermore, Sherman utilized a deterministic formulation of the problem to
develop his approach. Thus, to date, the results of Sherman have not been further developed
and reported in the literature, and no algorithm is available for estimating the DOAs of two

unresolved Rayleigh targets.

In this paper, the results on monopulse statistics derived in [8] are used to develop estimators
that generate two DOA estimates to be used in tracking rather than relying on the centroid
measurement conventionally used in tracking. The use of two DOA estimates will be critical for
the tracking of two aircraft flying in formation or separating ballistic missiles, where the flight
paths result in the targets being unresolved for more than a couple of measurements. The two
DOA estimates are computed under the assumption of a known or estimated relative RCS of the
two Rayleigh targets, which can be obtained through various methods. For example, a priori
information about the targets such as type and flight pattern could be used to estimate the
relative RCS. If RCS estimates of the individual resolved targets were obtained while tracking,
they can also be used. Beam or spatial agility could be exploited to estimate the relative RCS.
However, for this paper, the relative RCS is treated as a known or estimated quantity.

Some background material and notation are given in Section 2, while the probability distri-
bution of the monopulse measurements for two unresolved Rayleigh targets is given in Section
3. In Section 4, the conditional Cramer Rao Lower Bounds (CRLBs) are developed for the DOA
estimation of two unresolved Rayleigh targets using a standard monopulse radar. The modified
CRLBs (MCRLB) [14], which are needed to remove the dependence on the received amplitudes,
are calculated and then used to study the effects of antenna boresight pointing on the DOA
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estimation. The DOA estimation for the case of two unresolved targets with known relative

RCS is treated in Section 5, where the mean of the in-phase monopulse ratio and the variance
of the in-phase and quadrature monopulse ratios are utilized to estimate the DOAs of the two
targets. Simulation results that illustrate the performance of the DOA estimators and compares

it to the MCRLB are also given in Section 5. Concluding remarks are given in Section 6.

2. DEFINITIONS AND BACKGROUND

The in-phase and quadrature parts of the sum and difference signals for two independent,

unresolved Rayleigh targets can be written as

S] = (1 COS @1 + Qg €OS Py + ngy (1)
sQ = a1 sin ¢ + ap sin ¢z + 15 (2)
dr = o171 €os ¢1 + Qam2 COS P2 + ngr (3)
dg = aim sin ¢ + azme sin ¢z + nyq (4)

where «; is the Rayleigh distributed amplitude of the received signal from target 7, ¢; is phase
of the received signal from target i, 7; is the unitless (volt/volt) DOA for target i, and

TI,SINN(O,O'.%) nsQwN(O,ag)
Ngr ~ N(0,0’ﬁ) ngQ ~ N(0,0'g)
The notation N(Z, 02) denotes a Gaussian distribution with mean Z and variance ¢2. For this

paper, the noise terms nsr, nsq, n4r, and n4g, are assumed to be independent.

Letting A and 1 denote the measured amplitude and phase of the sum signal gives
sy = A cos ¢ sQ = A sin ¢ (5)

Then the observed SNR will be defined as

A2

R, = —5
° 20%

Since a; and ay are Rayleigh distributed and ¢; and ¢ are uniformly distributed on (-, 7},
sr and sg are Gaussian random variables. Applying the transformation of random variables in

(5) to the PDF of s; and sqg gives the PDF of the observed SNR as

R, > 0 (7)

R, }’

f(§RO|§RR) = - §RR +1

1
v |

Revised manuscript submitted to IEEE Trans. on Aerospace and Electronic Systems, August 10, 2000 4




where Rg is the SNR parameter of the Rayleigh signal given by

E[o]] | Elof]

Ry —
R 202 20%

=Rp1 + Rps (8)

where E[-] denotes the expected value. Since the relative RCS of the targets is assumed to be
known, let Ry = ARgy, A > 0. Then Rz = (1 + A\)Rg;. For N subpulses at distinct frequencies
(i.e., independent), the Maximum Likelihood (ML) estimate of Rp is given by

N
~ 1
Rp =Yy —1, YN:N;M (9)

where R, denotes the observed SNR for subpulse k. Then R R is an unbiased, efficient estimator
of R with variance given by VAR[Rg|Rg] = N~} (Rg + 1)2.

Denoting s = sy +jsg and d = d; + jdg, the in-phase and quadrature parts of the monopulse
ratio are given by

d srdr + sqdg
— Re(=2) = L Al 10
yI e(s) 57+ 55 (10)
d S[dQ - SQdI
=Im(=) = 212% “«7 11
yQ m(s) 53 + 8% (11)

3. STATISTICS OF THE MONOPULSE RATIOS

The PDF of the monopulse ratios, y; and yq, for a single pulse can be obtained by application
of the transformation of random variables in (5), (10) and (11) as in [8] to f(sr,sg, dr1,dg|®),
where ® denotes the parameter set {Rg1, Rr2, M, 72,05, 04}. Integrating the result with respect
to 1 and conditioning the density on A in the form of ®, gives [8]

Fyry|Ro, @) = f(y1|Ro, @) f(yolRo, @) (12)
where
P (wrl¥o, ®) = N (31, 55-) (13)
F(walRo, @) = N (0, z5-) (14)
o
2 2 2 N2
.= [g_% L Rrang + %gl?:gi?;lfﬁz(m n2) ] (16)
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Thus, y; and yg are conditionally independent, Gaussian random variables with a common
variance. The mean of y; is a “power” weighted average of the DOAs of the two targets and

independent on R,, while the mean of yg is zero.

Using N subpulses at distinct frequencies to ensure that the targets’ amplitudes are indepen-

dent for cach subpulse, the conditional ML estimate of 3 given R, for each pulse is

N LN Lo
U1 = [;%on} ;%okylk = Nvy kzﬂ%okylk (17)

where R,x and y;; denote the observed SNR and in-phase monopulse ratio for subpulse & and
Yy is given by (9). Note that while the ML estimate of g, is conditional, g is independent of
Ror by (15). Since the yyi are Gaussian random variables, ; is the minimum variance estimate

of y7 and a Gaussian random variable with variance given by

N -1
2 — 2R, -1

Then 03, is the conditional CRLB for any unbiased estimator of §; given {?Rok},’;’:l. The
term conditional here is used to denote the fact that the Fisher information and CRLB are
developed with the amplitude-conditioned PDF. While ogl provides the variance of 7; for real-
time or actual tracking, U;; cannot be used for performance prediction because it is a function
of {Rok}i_,, which are measured quantities. The MCRLB [14] is obtained by averaging the
conditional Fisher information with respect to the measured amplitudes of the received pulses.
While the MCRLB is a somewhat looser bound than the CRLB, it can be used for performance
prediction. Since f(yr|R,, ®) satisfies the regularity conditions with respect to g [14], the

MCRLB is a lower bound on the variance of any unbiased estimator of g, which is given by

S _ -1 q
Ty (11N, @) = Eo5 [N, @] = ooy 1)

where ¢; is any unbiased estimator of ;.

Figure 1 gives a comparison of the MCRLBs of variance of §j; for a single target and two
unresolved, equal-amplitude targets versus the total SNR. in a single frequency (i.e., N = 1). The
MCRLB of the variance of g, for a single target is obtained by setting Rrs = 0 in (19). For the
two-target case, the total SNR is given by Rg; + Rr2 = 2Rg1. In order to obtain y = 0 in both
cases, the single target was set at the boresight, and the two targets were situated symmetrically

about the boresight (i.e., 71 = —72) and separated by one-half of a beamwidth with n; = 0.4.
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Figure 1. MCRLB of the variance of §j; for a single pulse and single target at the boresight and
two targets separated by one-half beamwidth and symmetric about the boresight

Figure 1 shows that a total SNR of 14 dB gives a MCRLB of 0.02 for the single-target case and
0.095 for the two-target case. Figure 1 also shows that doubling the energy in a single-frequency
waveform to obtain a total SNR of 17 dB gives a MCRLB of 0.01 for the single-target case and
0.09 for the two-target case. Thus, doubling the energy in a single-frequency pulse gives only a
small reduction in the MCRLB for the two-target case. However, if the energy in the pulse was
doubled by adding a second frequency so that two independent observations of the unresolved
targets is obtained, the variance would be reduced by 50 percent because the errors are Gaussian
(not shown in figure). Therefore, frequency agility is critical to improving the monopulse angle

estimation when two unresolved targets are present.

4. CONDITIONAL AND MODIFIED CRLBS FOR DOA ESTIMATION

The conditional and modified CRLBs associated with 7; and 7j; are developed in this section.
The MCRLB is used here to study the effects of antenna pointing on the DOA estimation and

it is used in Section 5 to assess the performance of the DOA estimators.

The conditional Fisher Information Matrix (FIM) [15, p. 79] associated with 7; and 7, based
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on N observations of y; and Yq is given by

Iyl,yQ (ﬁl,ﬁle’ {mok};cvzlvq)) = (20)
O*Inf (y1x, yor | Rok. D) O*Inf (yrx, yorRok, ©)
i E[ 87]]2 '%Ok’ @} E[ 07]187]2 ‘m()k./ (D]
- O Inf (yrk. vor|Rok, ®) O°Inf (yrx, yor|Rok, )
k=
4 E{ S \%Ok, @] E 503 ’%Ok, <I>}

where f(yrk, Yor|Rok, @) is the conditional PDF of the monopulse ratios for pulse k. Using (12)
through (15) in (20) gives

21\[%31\5}?1%2
q(Rpy + Rpa + 1)?
[YN + = 2 (771 + %RQAT)) 2] Yv+ '2“(771 + §RR2A7I) (le - %RIAU)

Rno
Ra1

Iyl yYQ (ﬁl”f]ZIN’ {mok}i:vzl, (I) =

Re1
Rro

Yv+ - 2 ("71 + §RR2A77> (772 - §RR1ATI)

(21)

[YN . (772 - §RR1A7I> 2]

where An =1, — 12 > 0. The dependence of I, ,, (11, 72| N, {§Rok} .- ®) on Yy can removed
by averaging over the observed SNR, {R.x}i_,, thereby deriving the modlﬁcd FIM,

iyr,yq(ﬁhﬁ?'qu) E[Iyl YQ 7717772'N1 {‘SRO’C}}ISJ:I’(I)HN7 (1))] (22)

which is equivalent to setting Yy = E[Yn|®] = Rg1 + Rr2 + 1 in (21) since Yy appears only
lincarly.

A bound on the covariance of any unbiased estimator of n; and 72 [15, p. 79] is given by the
conditional CRLB,

-1
cov [m > Jy wo (i1, 2| N, {Rok } oy, @) = [fy,,yqﬁl,ﬁalN, {é}%ok};’c":l,@)} (23)
where
N ¢
51, Ao N, {Rop MY, @) = 24
Jyuyq(ﬂhﬂﬂ s {Rok =1, P) ANR g1 Rp2 A2 (24)
Rr2 2 2
oy [1 + n (772 - §RmA"I) ] -1- I (7?1 + ?RR2A77> (772 - %R1A7l>
2 Ry 2
TRVRINTAER O - RO

In (23), the matrix inequality for matrices A and B with A > B is defined as A— B is nonnegative
definite. Since f(yr,yg|Ro, @) satisfies the regularity conditions with respect to 7, and 7 [14],
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the MCRLB is a lower bound on the covariance of any unbiased estimator of 7; and 7, [14].
The MCRLB, jy, o (1, M2|N, @), is derived by using the modified FIM of (22) instead of the
conditional FIM of (21) in (23). Thus, the MCRLB, J,, o (M, M2| N, ®), is obtained by setting
Yy = E[YN|®] = Rp1 + Rr2 + 1 in (24) and given by

2

F L q
Jy1.yq (M1, M2|N, @) = ANRp1 R o A2 (25)
Rr2 [1 N 2(n2 — Rp14n)? 1 _ 2(m + RraAn)(n2 — Reri1An)
Rp1 q(Rp1+ Rp2 +1) q(Rp1 + Rr2 + 1)
1 2m A+ ReaAn)(n; — ReAn) Rra [1 2(m + RroAn)? ]
qRr1 +Rr2 +1) Rro q(Rp1 + Rpa + 1)

Although the MCRLB is known to be a somewhat looser bound than the CRLB, it is needed
to remove the dependence on the received amplitudes so that performance prediction can be
accomplished. The diagonal elements of jy 1wo (M, M2| N, @) give the MCRLBs for the variances
of 7j; and 7j; and are used to assess the efficiency [15, p. 71] of the DOA estimators in the next

section.

The MCRLB of (25) can be used to study the effects of sensor pointing on the DOA estimation.
For this study, the effects of the antenna gain pattern are not assumed to be included in A, the
relative RCS of the two targets. The effects of the antenna gain pattern can instead be included
in the anaylsis of the MCRLB by using

e mm

Rpr =R == 26
R1 R1COS ( 4%) (26)

) . af T

Rpro = Rpocos <477bw) (27)

in (25) for Rry and Rpe, respectively. The n,, denotes the DOA value at the one-way, half-power
point on the antenna gain pattern of the sum channel. Thus, at 71 = 9y, ﬁm = Rpr1 — 6 dB.
For a monopulse error slope k,, in beamwidths, 219y, = k,,. For all of the examples in this paper,

Mow = 0.8.

Figure 2(a) shows the average MCRLB for two 19 dB targets (i.e., Rg; = Rr2 = 19 dB in (26)
and (27) for N = 1) separated by one-half beamwidth (i.e., An = m,, = 0.8) versus the DOA
of target 1, 7p, for N =1, 2, 4, 8 and 16 subpulses. The average MCRLB is the average of the
two diagonal elements of (25). For each case in Figure 2(a), the energy in the transmitted pulse
is fixed and it is divided into NV subpulses at different frequencies. Thus, for N = 8 subpulses,
Rr1 = Rrz = 10 dB in (26) and (27). The DOA for target 2 is given by 72 = n1 — An.
Thus, 71 = 0 in Figure 2(a) corresponds to target 1 on the antenna boresight, while n; = 0.8
corresponds to target 2 on the antenna boresight. Also, n; = —0.2 and 72 = —1.0 in Figure 2(a)
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corresponds to pointing the antenna boresight on the outside of the two targets. The average
of the two MCRLBs in Figure 2(a) shows that pointing the antenna boresight exactly between
the two targets (i.e., 71 = 0.4) gives the smallest average MCRLB for NV = 4, 8, and 16 and the
largest bound for pointing between the targets when NV = 1. For N = 1, the minimum average
MCRLB is achieved by pointing the antenna boresight just to the outside of one of the two
targets. Figure 2(a) also shows that the average MCRLB is rather insensitive to the antenna
boresight when it is positioned between the two targets. For N = 16, the rapid increases in
the average MCRLB near the edges of the plot are due to the rapid increase of the MCRLB
for the weaker target. To illustrate this point, Figure 2(b) gives the individual MCRLBs of the
two targets for N = 4 and 8. Figure 2(b) shows that pointing the antenna boresight closer to
target 1 gives a smaller MCRLB for the variance of 7; and a larger MCRLB for the variance
of 7. Note the rapid increase in the MCRLB of the weaker target when the antenna is pointed
to the outside of one of the two targets. Also, note that the reduction in the MCRLB gained
through frequency agility (i.e., N = 8 rather than N = 4) is lost due to the low subpulse SNR
at m = —0.15 for n; and n; = 0.95 for ;.

If the DOA estimate for a single target is desired, Figure 2(b) shows that pointing the antenna
closer to or beyond the target of interest (but away from the interfering target) minimizes the
MCRLB for that target. The minimum MCRLB for the variance of 7; with NV = 4 is 0.015
at 77 = —0.3 and with N = 8 is 0.012 at 7; = —0.2. For N = 1 (not shown in Figure 2(b)),
the minimum MCLRB for the variance of 7j; is 0.012 at n; = —0.5. For the single target DOA
estimation, an optimal pointing angle always exists, which moves towards the target of interest
as N increases for the given separation of the two targets and target amplitudes. For N > 1,
note that pointing the antenna boresight away from the intefering target is optimal for single
DOA estimation, whereas pointing between the targets is optimal when estimating both DOAs.

Figure 2(c) gives further insight into the pointing of the antenna boresight for the DOA
estimation of two unresolved targets. Using eight frequencies (i.e., N = 8) to simultaneously
estimate both DOAs gives a minimum MCRLBs for the individual targets of 0.028 with the
antenna boresight pointed exactly between the two targets, as seen also in Figure 2(a). If the
eight subpulses are used in two dwells of four subpulses each, the two DOAs can be sequentially
estimated by using the first dwell to estimate the nearer target DOA, and using the second to
estimate the other target DOA. This method also gives a minimum MCRLB of 0.028 obtained
by pointing to the outside of the targets. Further analysis showed that if the separation between
the targets is larger than one half of the beamwidth (i.e., An > ), sequential estimation yields
a lower MCRLB, whereas if the separation is less than one half the beamwidth, simultaneous

estimation provides the best performance bound (not shown). Therefore, for equal amplitude
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targets, the case An = My, shown in Figure 2(c) denotes a boundary in the decision process for
the optimal pointing strategy.

Figure 3(a) shows the average MCRLB for two 19 dB targets (i.e., Rg; = Rrp = 19 dB in
(26) and (27) for N = 1) separated by one-fourth beamwidth (i.e., A = 0.5mp, = 0.4) versus
m for N =1, 2, 4, 8, and 16 subpulses. Thus, n; = 0 in Figure 3(a) corresponds to target 1
on the antenna boresight, while 7; = 0.4 corresponds to target 2 on the antenna boresight. The
average of the two MCRLBs in Figure 3(a) shows that pointing the antenna boresight exactly
between the two targets (i.e., 73 = 0.2) gives the smallest average MCRLB for all values of V.
Figure 3(a) also shows that increasing the number of frequencies from N = 8 to N = 16 actually
results in an increase in the average MCRLB. Note that this result differs from that shown in
Figure 2(a), and it is thought to be the result of a low subpulse SNR at N = 16 and a lower
average MCRLB in 3(a) compared to that in 2(a).

Figure 3(b) gives insight into the pointing of the antenna boresight for the DOA estimation
of a single target in the presence of another target for one-fourth beamwidth separation. It is
interesting to note the minimum MCRLB for single DOA estimation corresponds to pointing
between the two equal amplitude targets for N = 8, in contrast to the results of Figure 2(b).
A comparision of the sequential and the simultaneous estimation algorithms for this case in a
manner similar to that of Figure 2(c) indicates that it is always advantageous to use simultaneous

estimation.

Figure 4(a) shows the average MCRLB for a 19 dB target and a 16 dB target (i.e., Rg; =
2R g2 = 19 dB) separated by one-fourth beamwidth versus 7y for N = 1, 2, 4 and 8 subpulses.
For the N = 1 and 2 cases, the optimal pointing strategy is to steer the antenna boresight
slightly towards the stronger target, while for the other cases, steering should lean toward the
weaker target. It appears that the simultaneous DOA estimator favors pointing towards the
lower power target when subpulse powers are too low (N = 4 or 8), perhaps to avoid very
low SNR observations. Note also that the advantages of frequency agility have been achieved
by N = 4 and the degradation in performance due to low subpulse SNR can be seen by the
steepening of the graph at extreme values of n; for N = 8. The MCRLB for the single target
DOA estimator shown in Figure 4(b) agrees with the results for the equal energy case of Figure
3(b) that for a small number of subpulses the antenna should be pointed at or outside the
position of the targets and for a larger number of subpulses it should point on the inside. For
the case of two unequal amplitude targets, the pointing strategy for sequential estimation is less
clear. Figure 4(b) suggests a potential iterative approach. The pointing of the first dwell is in

the neighborhood of the stronger target in order to minimize the interference from the weaker
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target. The pointing of the second dwell is then chosen to minimize the bound in estimating

the DOA of the second, weaker, target using the information in the first dwell.

5. DOA ESTIMATION FOR TWO UNRESOLVED TARGETS

As seen in the previous section, the pointing of the antenna boresight affects the information
obtained during a radar dwell. Based on the results of Section 4, two sensor pointing strategies
are set forth. The simultaneous pointing strategy that was found to be optimal for targets
separated by less than one-half beamwidth involves pointing between the targets and estimating
both DOAs from data gathered in one dwell. This case is referred to as the fully unresolved case.
The second strategy proposed, applicable to targets which are separated by more than one-half
of a beamwidth, is the sequential strategy in which the DOAs are estimated from data gathered
from two consecutive dwells, each pointing in the general direction of one target. This case
can be thought of as a partially resolved target scenario since estimation of each parameter can
be performed individually. In this section, a DOA estimation algorithm based on the Method
of Moments (MM) for the fully unresolved two-target case is proposed. The partially resolved
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target case is briefly discussed in [17].

For the case of two fully unresolved Rayleigh targets, the antenna boresight is pointed between
the targets and the DOA estimation of both targets is accomplished simultaneously via MM.
For the MM, two sample moments are required for the estimation of two DOAs. Since the
observations yrx are conditionally nonstationary (i.e., the variance of ysx given Ror changes
with R,x - see (13)) sample moments cannot be used directly. Thus, g, from (17) will be used
to obtain the first expression as

. Rpm +Reame
yr = =Yr
Rp1 +Rpa +1

(28)

Let An=mn; — 12 > 0, so that n; > no. Then, for Rp; > 1, since Rr2 = ARp1, where X > 0,

A
~dr 4 — A
MR Gr+ 7y AN (29)
1
~ i - ——A
M~ 1= Ty A (30)

Since the ;i are conditionally nonstationary, Gaussian random variables, the second expres-
sion for DOA estimation will be obtained by forming a Chi-squared random variable with 2V —1
degrees of freedom from yrx, Rok, and gy and setting the random variable equal to its mean.
Thus, for N > 1, let

Xn={yn-9r --- yiIN—9U1 Yo1 --- YQN)] (31)
Ry =2diag[Ro1 ... Rov Ror ... Ron] (32)

Since for N = 1, g1 = yn1, let X1 = yo1 and Ry = 2R,;. Also let
vy = X5RyXng ™! (33)

where g is given by (16). Since the conditional PDF of the in-phase and quadrature monopulse
ratios are Gaussian with variance given by (13) through (16), vy is a Chi-squared random
variable with 2N — 1 degrees of freedom as one degree of freedom has been lost due to the

estimation of gy [16]. Then

Elon|®, {Rox}o,] =2N — 1 (34)
VAR[UNI(I)’ {%ok}szll = 2(2N - 1) (35)

Setting vy equal to its mean gives

XTRnXN

N>1 36
2N -1 = (36)

q=
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Since for An > 1.0 the targets would be processed as partially unresolved targets, assume that
An < 1.0. Thus, pointing the antenna boresight between the targets gives |n;| < 1 and |72| < 1,
which allows the approximation of g by

ag- 1+ A

(37)

because Rp1n? + Rr2n? << RpiRgr2(m —n2)? in (16). Note that (37) implies that any estimate
of ¢ must be greater than 02/0% and less than o2/0% + A(1 + A\)~!Rpimax(An?). Inserting g
from (36) for g, using (37) in (29) and (30), and applying the restrictions on an estimate of ¢
gives DOA estimates as

. N A
m=yr+ ';\—q— (38)
R
" q
M =Y — /| —=— (39
R e )
where
01 (j S 0'30'32
5 MmN 5 L Ani A 4 ) s
=\ T nztr 42 et 40
1 A+ 1= T4z R+ 040g (40)
q- 05052, otherwise

New is defined in conjunction with (26) and (27), Rr and Rg are given by (8) and (9). The first
case of (40) is introduced to ensure that the DOA estimates are real numbers, while the second
is introduced to prevent the difference of the two DOA estimates from being larger than 2n,,.
Limiting the difference of the two DOA estimates was found to be critical when correcting the
known relative RCS A for the effects of the antenna gain pattern of the sum channel.

In order to use the DOA estimates for tracking, estimates of the variances of 7; and 7, are
needed. As detailed in the Appendix, the variances of the DOA estimates for ¢ > 03052 can
be approximated as

o X
~ N ~
VAR[M |, {Rok }o=1) = ¢ _2NYN + 2RR(2N —1)(q — 03052)} .
~ - 1 q
A ok} o] R
\% R[n2|<1>,»{3% kk=1] = ¢ INYx + IARR(2N — 1)(q — 03052)} .

Setting ¢ = ¢ in (41) and (42) and by analysis of simulation results g(q — 0205?71 = 3.0 was
found to provide relatively good estimates of the variances for the DOA estimates, which are
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given by

52| L L5 @)
n 9 aNYy T RN 1)
[ 1 1.5
~92 ~
o = + —= 44
m” 1 _QNYN /\§RR(21V - 1) ( )

Note that these estimates of the variances are functions of the measured data and cannot be

used for performance prediction of the estimators.

Monte Carlo simulations with 40000 experiments were conducted to study the performance
of the DOA estimators for various values of N, Az, and A. While the relative RCS of the two
targets is assumed to be known, the effect of the antenna gain pattern is not assumed to be
included in A. The effects of the antenna gain pattern were included in the simulation of (1)-(4)
by using

d’l = alcOS(Lz;:- ) (45)

- Tham
(g = (x2COS

4N ) (46)

for a; and as, respectively. The effects of the antenna gain pattern were addressed in the DOA
estimation by using a modified A in (38) through (40), which is given by

o <£~;’2”1‘") (47)

cos“( M7 )
Tow

where 7; and 7, are the DOA estimates that result from ignoring the effects of the antenna gain
pattern. The multiplier modification to A was restricted to greater than 0.25 and less than 4.
Also, during the simulations, only measurements with NYy > 20 dB were utilized in the DOA
estimation and m, = 0.8, the same value as that used in Section 4. Analysis of the simulation
results showed that the use of measurements with a total SNR less than 20 dB can cause the
estimation errors to deviate significantly from the MCRLB and the estimator to be unreliable.
This requirement for a rather large SNR is most likely due to the lack of tracking information
such as predicted antenna gains for the targets. While an SNR of 20 dB is a rather strict

requirement, previous methods such as super resolution may require as much as 40 dB [18].

The effect of N on the DOA estimation was studied using An = 0.4 and setting NRg; =
NRpgo = 22 dB (i.e., without the effects of the antenna pattern). The sample averages of the
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errors in the DOA estimates for target 1 are shown versus the DOA of target 1 in Figure 5(a).
The DOA for target 2 is given by 1y = 1, — An. Thus, 71 = 0 in Figure 5(a) corresponds
to target 1 on the antenna boresight, while n; = 0.4 corresponds to target 2 on the antenna
boresight. Figure 5(a) shows that the sample average errors are rather small for each case of N
and have the smaller magnitudes when the antenna boresight is pointed between the two targets
(i.e., m = 0.2). The sample standard deviations of the errors in the DOA estimates for target 1
normalized by the square root of the MCRLB are shown versus the DOA of target 1 in Figure
5(b) by the solid lines. Figure 5(b) shows that the efficiency of the MM cstimator improves
(i.e., sample variance approaches the MCRLB) as N increases from 4 to 12 and is best when the
antenna boresight is pointed at target 1 (i.e., 73 = 0). However, the MM estimators are shown to
be rather inefficient in Figure 5(b). In order to assess the effects of the estimation of the antenna
gain pattern effects on the relative RCS on the efficiency of the MM estimators, the simulation
studies were conducted with X as a known quantity rather than an estimated quantity (i.e., the
true values of 17 and 1, were used in (47)). For A known, the sample standard deviations of the
errors in the DOA estimates for target 1 normalized by the MCRLB are shown versus the DOA
of target 1 in Figure 5(b) by the dashed lines. Figure 5(b) shows that the efficiency of the MM
estimators are degraded rather significantly by the estimation of A. Thus, if the two targets are
under track, the target state estimates should be used to predict the effects of the antenna gain
pattern. Figure 5(b) in conjunction with Figure 3(a) also shows that increasing the number of
subpulses at distinct frequencies in a radar pulse improves the accuracy and efficiency of the
DOA estimation.

The effect of Any on DOA estimation was studied using N = 8 and setting £r1 = Rpo = 13
dB. The averages and standard deviations of the errors in the DOA estimates for target 1 are
shown in Figures 6(a) and 6(b) for various DOAs of target 1 and An = 0.2, 0.4, 0.6, and 0.8. The
DOA estimation for An = 0.8 is significantly degraded when compared to that for An = 0.2
or 0.4. Thus, when two targets are separated by about one-half of the one-way beamwidth,
sequential DOA estimation with two consecutive dwells at the individual targets will be better
than the simultaneous DOA estimation with a single dwell. This observation agrees with those

of Section 4.

The effect of A on DOA estimation was studied using N = 8, An = 0.4, and Rp; = 16 dB.
The sample averages and standard deviations of the errors in the DOA estimates for targets 1
and 2 arc shown in Figurces 7(a) and 7(b) for the positive DOAs of target 1, the corresponding
negative DOAs of target 2, and A = 1, 0.5, and 0.25 (i.e., Rre = 16, 13, and 10 dB). The n; =0
in Figures 7(a) and 7(b) corresponds to target 1 on the antenna boresight and n; = —0.4, while

n2 = 0 corresponds to target 2 on the antenna boresight and 7; = 0.4. The accuracy of the DOA
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estimation for target 1 improves as Rgo decreases, while accuracy of the DOA estimation for
target 2 degrades as Rgy decreases. The errors were also normalized by the standard deviation
estimates of (43) and (44) and the sample standard deviations of these errors are given in Figure
7(c), which indicates that the variances estimates of (43) and (44) are reasonably good. Figure

7(c) also shows that the variance estimates are best for a target at the antenna boresight.

To assess the impacts on the DOA estimation of uncertainty in A, Monte Carlo experiments
were conducted using incorrect values for the relative RCS, A. The percent error in A is define
as (A — A)A~L. The simulations were conducted for two 16 dB targets separated by one-fourth
beamwidth and situated symmetrically about the antenna boresight. The results are shown in
Figure 8. For this case of equal RCSs (i.e., A = 1.0), negative values of the percent error indicate
that R, is thought to be greater than R, while positive values of the percent error indicate that
R, is thought to be greater than ;. The average errors in Figure 8(a) show that the bias in the
DOA estimate is of the same sign as the percent error. The biases in the DOA estimates are
due to the DOA estimator shifting the estimates toward the target that is thought to be weaker,
which is the result of matching the data to the assumed parameters. For less than 25% error in
A, the biases in the DOA estimates is less than 10% for this case. Figure 8(b) shows that the
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effects of errors in A on the standard deviations of the DOA estimates are very small. Note that
the standard deviations of the errors are smaller for the target that is thought to be stronger.

The results of Figure 8 suggest that the DOA estimator is rather robust to uncertainty in A.

6. CONCLUDING REMARKS

The conditional CRLB and modified CRLB were developed for monopulse DOA estimation
of two unresolved Rayleigh targets. The MCRLB was used to investigate the effects of frequency
diversity and antenna boresight steering on the DOA estimation. For a given waveform energy,
the accuracy of the DOA estimation was found to improve as the number of distinct frequencies
increases and as long as the expected subpulse energy remains above a few dB. The study
revealed two sensor pointing strategies for the DOA estimation: simultaneous and sequential.
The simultaneous pointing strategy involves pointing between the targets and estimating both
DOAs from data gathered in one dwell, while the sequential pointing strategy involves estimating
the DOAs with data gathered from two consecutive dwells, each pointing in the general direction
of one target. While the relative performance of the two pointing stategies depend on the SNRs
of the two targets and the number of subpulses, the simultaneous pointing strategy was found to
be better for targets separated by less than one-half beamwidth, while the sequential pointing
strategy was found to be better for targets that are separated by more than one-half of a
beamwidth.

An estimation algorithm based on the Method of Moments (MM) was developed for the
simultaneous DOA estimation of two unresolved Rayleigh targets with known relative amplitude.
In the DOA estimation, the effects of the antenna gain pattern were treated as unknown and
addressed in the DOA estimation with a one-step iteration on the DOA estimates. In other
words, the initial DOA estimates obtained by ignoring the effects of the antenna gain were
used to predict the effect of the antenna gain on the relative amplitude of the two targets
for DOA estimation. The performances of the DOA estimators were studied via Monte Carlo
simulations and compared to the MCRLB. The results of the Monte Carlo simulations confirmed
the predicted benefits of frequency diversity and showed that frequency diversity also improves
the efficiency [15] of the estimators. The results support the use of simultaneous DOA estimation
when the targets are separated by less than one-half of a beamwidth and sequential DOA

estimation when the targets are separated by more than one-half of a beamwidth.

The algorithms developed in this paper have two practical limitations: the uncertainty in the
antenna gains at the two DOAs and the uncertainty in the relative RCS. The results show that
the efficiency of the MM estimators is degraded rather significantly by the estimation of the

effects of the antenna gain. If the two targets are under track prior the merged measurement,
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the target state estimates can be used to predict the individual DOAs so that the degradation

due to the DOA dependent antenna gain can be reduced. Also, the tracks of the two targets
can be used to estimate the relative RCS with sufficient accuracy. Thus, this paper provides
practical algorithms for DOA estimation from unresolved measurements using estimated values
for the required parameters (relative RCS and antenna gains) that can be obtained from the

tracks on the two targets.
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Appendix

Derivation of DOA Estimator Variance

This appendix details the derivation of the estimate of the variance of 7; given in (41). The
estimate of the variance of 7y given in (42) is derived similarly. Using 7; as defined in (38) and
the orthogonality principle [15] gives

. R A -
VAR[1|® {Roe}i=1] = VAR[§7|®, {Ror }ooy] + §—VAR[\/§|<I>, {Ror }ozi)
R
q A R _ N _
TONYN + @_R [E[CI] — 0205%®, {Ror } ot + E*[\/§ — 0205%|®, {?Rok},}cv:l]} (A1)

where the first term is given by (18) and 4n2 ARR(1 4+ A\)~2 > § — 02052 > 0 from (40). From
(33) through (36),

E[g|®, {(Ror}ola] = ¢ (A.2)
. 2¢2
VAR[G|®, {Rok }=1] = SN -1 (A.3)
Note that for a twice differentiable function g(z),
N .
Elg(z)] = g(Z) + 59" (8)0% (A.4)

where Z = E[z], 02 = VAR[z], and ¢”(Z) is the second derivative of g(x) with respect to z

evaluated at £ = Z. Using (A.2) through (A.4) gives

2
. - - q
Eli- 03052\@’{%%}2{:1] ~yVa- 02052 - (A.5)
4

(2N = 1)4/(qg — 02052)3

Using (A.2) and (A.5) in (A.1) gives

Ag? '
VAR[71]®, {Rot}2ly] = o = b
[111@, {Rok }o=1] oNYy | WM (2N — 1)(q — 0203?) [ 8(2N —1)(g — 03057

] (A.6)

For q—a§o§2 > 0.5, which is satisfied by any nondegenerate case (i.e., n; = 12) of two unresolved
targets, the last term of (A.6) can be ignored to obtain (41).
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ABSTRACT

A new method of track management for a phased array radar is proposed to simplify the data association and
improve the allocation of radar resources. The tracks are organized into Association Groups and Dwell Groups.
Association Groups are used for course gating when associating new measurement data with existing tracks, while
Dwell Groups are used to efficiently schedule the next dwell on closely-spaced targets. By considering only closely-
spaced tracks in the same Association Group, a form of coarse gating is inherently done to cull candidate tracks that
are unlikely to associate with a measurement from a dwell directed by one of the members of the group. A Dwell
Group contains tracks that are spaced sufficiently to allow one dwell to illuminate all of its members. Dwell groups
lay the foundation for more systematic approaches to optimal allocation of the radar resources. Simulation results
are presented to illustrate the new technique.

Keywords: Multitarget Tracking, Radar Signal Processing, Phased Array, Data Association

1. INTRODUCTION

In the past radar trackers have been designed with a keen eye on the computational throughput of the computers
available. The designers justifiably traded radar resources for computational simplicity,! > ®> ,* and.® However,
advances in computational hardware now make more sophisticated tracking algorithms feasible. A new method of
track management for a phased array radar is proposed to make more efficient use of radar resources at the expense

of added algorithm complexity and computational load.

The approach is based on classifying tracks into categories depending on one of two radar tasks— processing
collected data or gathering new data. When new data has been collected, the measurements must be assigned to
tracks according to some type of decision logic.® By categorizing the tracks into different Association Groups (AG’s),
the number of candidate tracks to be considered for association with new measurements is reduced, thus reducing
the computational load similar to track partitioning. This is in essence a form of coarse gating that, while useful, is
not all that note worthy. However, it does lay the stage for the second categorization, Dwell Groups (DG’s). By first
categorizing the tracks into AG’s, the task of assigning membership to the DG is simplified. While the computational
savings offered by AG’s are attractive, the computational savings pale in comparison to the potential savings of radar
resources offered by effective use of DG’s.

The savings with DG’s is seen when targets are sufficiently close that a single track dwell is capable of illuminating
them so that fewer track dwells are required to maintain track. This in combination with measurements of opportunity
from the search operations, track on search, offers significant radar resource savings. A full implementation of these
strategies requires a sophisticated track management scheme that is capable of organizing the tracks into the different
categories and making efficient use of the available measurements. A key feature of such a tracker is the ability
to correctly suppress track dwell requests that have been earlier placed on the scheduling queue. These dwells are
considered redundant before the dwell requests are granted due to measurements from other dwells. Many algorithmic
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solutions of varying sophistication that exist solve the fundamental track goals. In terms of radar resource efficiency,
the better ones are nontrivial.

The proposed approach offers notable improvements over simpler track management techniques when targets are
closcly-spaced. When multiple targets gencrate multiple detections from a single dwell, correctly associating them
with current track files and making full use of the data at hand is a non-trivial task. Earlier approaches simplified
this association problem by considering only the track that initiated the dwell. The closest measurement to this
track is then selected and all other measurements discarded. Not only is this an inefficient method in that it does
not make full use of all measurements, but it is prone to false tracks and cannot initiate new tracks except through
search.

The paper is organized as follows: Section two describes the nomenclature and assumptions used to describe
the problem. Issues such as the underlying assumptions behind the radar operation are discussed followed by the
definitions of the Association Group and Dwell Group as well as track on search (ToS). Section three focuses on
Dwell Group management issues such as the logic needed to properly implement this technique. The fourth section
presents some computer simulations to illustrate the improvement of the proposed technique. Conclusions and areas
for future work are discussed briefly in Section 5.

2. NOMENCLATURE/DEFINITIONS

In order to proceed, it is necessary to define the terms and assumptions pertaining to the problem at hand. This
is done first with a brief overview of the assumptions concerning the radar followed by descriptions of association
groups, dwell groups, and track on search.

2.1. Radar Assumptions

The radar model in question is a notational multi-faced phased array. The multiple arrays are knitted together into
a single radar that is used to perform search, acquisition, and track. For all three modes, the radar obtains range
and angle (azimuth and elevation) measurements for each detection.

2.2. Association Group

The definition of Association Groups is based on the distance between the tracks at a given time. Because the
tracks are dynamic, the membership in the AG’s must be reevaluated periodically. The optimal schedule for such
reevaluation is currently an open issue. For simplicity, it can be assumed that this reevaluation occurs on each track
dwell.

The distance used to define the AG’s may be described either geometrically or statistically. If geometric distances
are to be used, then the membership criteria is based on arr:y-face coordinates. In addition to the natural relationship
of array-face coordinates to radar measurements, there is the understanding that the targets must be within at
least some multiple of a beamwidth of each other. Because the beamwidth in sine-space is independent of steer-
direction, array-face coordinates are a convenient choice.” The array-face coordinates of the track are given as
tkarc = [r, km,k:y]T where r denotes range and k, and k, denote the sine-space azimuth and elevation angles,
respectively.

Let the distance between any two tracks be normalized to be either a logical 1 if near or a logical 0 if far. Thus,
given M tracks the matrix of logical distance, D € RM>M s given as

1, if |rg — ] < ra and \/(Fry — ko )T ¥ (hyy = Kyy)? < 0
[Dljx = (1)
0, if fre —7j| >raor (ks —ks;)? + (ky, — ky;)% > 04

where ra denotes a range threshold, 6 denotes angle separation threshold in sine-space, and []x,; the k%, jth
component of the matrix, D. A good choice for 8, is the 6 dB beamwidth and the track dwell range extent for rn. If
statistical distances are to be used, then the logical distance is defined in terms of track coordinates and covariance
matrices in the East-North-Up (ENU) frame as

1, if (tkenu, — tkexu,)7 (P + P;) 7 (tkexu, — tkeny;) <A
(Dl = (2)
0, if (tkenu, — tkENUj)T(Pk + Pj)_l(tkENUk - tkENUj) > A
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Figure 1. Association Group example.

where A is a distance threshold.

Once the matrix D is found, the AG’s may be formed into either non-overlapping partitions, or overlapping groups.
The advantage of forming non-overlapping partitions is easier implementation. While overlapping groups, form more
AG’s, they have fewer members and thus require a smaller processing load to evaluate the measurement/track
assignment.

Intuitively, the groups describe a clustering of tracks such that there exists a connected covering of AG members
with epsilon balls of radius defined by the logical distance metric. Thus, each AG contains members that are potential
candidates for assignment with measurements derived from a dwell generated by any member of the AG.

Alternatively, the tracks may be partitioned into non-overlapping AG’s by considering the structure of D. With
the proper bookkeeping, the rows and columns of D may be shuffled such that a modified matrix, D has block
diagonal form with the blocks corresponding to the different AG’s. A track has membership into an AG if it also is
an index into the corresponding block of D (see the example described in Figure 1). Membership into overlapping
groups requires that all tracks are within the threshold distance of each other. Tracks tky and tk; are contained in
the same overlapping AG if [D]x,; = 1.

An example is given in Figure 1 where the relative track positions are illustrated notationally. Using either of the
two distance measures discussed above, it is possible to define the logical distance matrix shown below. Also shown
is the block matrix D. Both matrices are bordered by rows and column of numbers that indicate the related track
index.

123456 12465 3
110101] 1 111 10]0] 1
110100][ 2 11100[0]| 2

D= (001000 3 D= |11110|{0]| 4 (3)
11010 1] 4 1011 1[0 6
000011 5 0001 1l0] 5
10011 1] 6 0 000GO0|1] 3

Thus, if the AG are allowed to overlap, the following groups may be formed: AGy = {tki, thy, tkq, ths}, AG2 = {tks},
and AG3 = {tk4,tks,tks}. From the block structure of D, it can be easily seen that there are only two groups that
do not overlap: AG; = {tki,tko, tky,tks, tke} and AGy = {tks}.

2.3. Dwell Group

Dwell Groups are an attempt to make better use of track dwells such that fewer are needed. The concept is simple-
use a single dwell to illuminate multiple closely-spaced targets. Given a set of track states updated to the same time,
the DG’s are assigned such that there exists a covering of all tracks with dwell beams. The coverage can be defined
in terms of the 3 dB beam contour, or a multiple.

There are two key features of a DG its membership and its pointing direction. The membership is a critical
part of the track management logic that deals with issues such as miss detections and drop/coast logic. Once the
membership has been decided, the actual beam pointing direction must be determined. While the optimal solution
is beyond the scope of this paper, it must take into account the probability of detections, estimated RCS, target
model dynamics, and track preferences. One suboptimal method that is easy to implement is to simply point the
beam in the direction given by the centroid of the DG track members.




DG1={tk! tk2 tk4 tk6} DGI1={tk] tk2 tk4}
DG2={tk3 tk4 tk5 tk6} DG2={tk3 tk5 tk6}

Figure 2. Example of two Dwell Group memberships for the same cluster of tracks. The open large circle represents
a dwell beam where the small closed circles denote track positions and the cross-hair denotes beam center.

Figure 2 illustrates some of the concerns in optimally assigning membership into the DG’s and in pointing the
dwell beam as well. In case 1, the memberships are not a partition since tky and tkg are in both DG1 and DG2.
Case 2 is a strict partition. However, it could be argued that it is not desirable since tky and tke are close to the
beam shoulder. Case 1, on the other hand, does not put these tracks much closer to the beam center, but it may
be possible to combine the measurements from the two dwells, DG1 and DG2, to improve the quality of the overall
measurements.

Even though the positioning of the DG may require that some tracks fall into more than one DG, it is possible
to force a partition structure to simplify the dwell logic. This is simply done by arbitrarily assigning membership to
one DG.

Given that the optimal solution is currently beyond reach, consider a simple strategy to form the dwell groups and
position the resulting dwell beams. Using the same track positions in Figure 2, the simple algorithm is illustrated in
three steps in Figure 3. To simplify the process, only tracks in an AG are candidates for membership into the DG’s
in question. In other words, since tracks in separate AG’s are unlikely to associate with each other, it is unlikely that
they are close enough to be adequately illuminated with a few closely-spaced beams. Note that the algorithm below
speaks of pointing beams, it is understood that no actual beams are scheduled while assigning membership to DG’s.

step 1: Form cluster of tracks of interest
Point beam at centroid of cluster- the tracks that are covered are in DGy
step 2: Point DGy, at the track that is furtherest from DGy
The tracks that DGy covers are in DGy
Redirect DGy beam at the tracks not in DGy
step 3: Center the beams about the DG members.
If all tracks are covered, stop, else eliminate the tracks in DGyy; and go to step 1.

2.4. Track on Search

Track on search makes use of measurements collected during the normal search operations of the radar to update
existing tracks. This is made possible because both range and AoA estimates are available in search mode. While
it is a good idea to make use of all available measurements from the radar, ToS measurements are not without
drawbacks. In addition to the added complexity in the track management logic to handle ToS measurements, they
may also be of reduced quality compared to normal track dwell measurements. This reduced quality is because the
search beam pointing location is not directed at a DG. It is not expected that all members of the DG will be centered
in the beam such that they all will be sufficiently illuminated to produce detections. Similarly, since the quality of
many angle of arrival (AoA) estimates degrade as the target moves off beam center into the shoulder, the resulting
ToS measurements will not be of the same quality as the normal track dwells. This reduction in ToS measurement
quality over track dwell measurements has not been adequately analyzed for the problem at hand and may prove to
be insignificant. It is mentioned for completeness.
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Figure 3. A simple method of generating DG and beam pointing directions.

3. DWELL GROUP MANAGEMENT ISSUES

As should be expected, the improved efficiency of dwell groups comes at the expense of additional computational
complexity. There are more bookkeeping issues in dealing with missed detections, coasting, and drop decisions.
Additionally, the adaptive revisit time logic must be reassessed because of the dynamic nature of DG’s.

3.1. Track Management Logic

The logic associated with this type of track management is a bit more involved than with conventional methods in
which a dwell is keyed to a track index. In traditional track logic, if a dwell generates no measurements that associate
with its parent track, then a decision is made to either coast or schedule another dwell. However, with dwell groups,
it is not that simple since several tracks are keyed to a dwell and the membership can change between dwells. Some
of the important issues that must be addressed before the DG strategy can be correctly implemented are:

e acquisition: the initiation of multiple new tracks within a DG may require a different dwell sequence than
singletons. :

e missed detections: the probability of miss detections of multiple tracks in a DG must be understood as it
impacts coasting and drop track logic.

e coasting and drop track logic: decisions to drop track may be influenced if the track is a member of
multiple DG’s. It may be more appropriate to coast longer than if the track were a singleton. If the track were
a singleton, additional radar resources may be needed to re-acquire than if it were coasted in a DG.

e merge track decisions: when to join multiple tracks together should depend on DG membership.

¢ scheduling track dwells: DG’s influence the track beam positions and their timing. To fully capture the
efficiencies offered by DG’s, it is necessary to have proper logic that will inhibit previously scheduled dwells
that are considered redundant because of measurements from other nearby dwell groups that associate with
the tracks.

There exist many possible choices regarding the implementation details for these items that will result in a working
tracker, and a detailed discussion will not be given here.

3.2. Next Dwell-time Request (Adaptive Revisit)

In scheduling dwell times, there are two choices: adaptive revisit time and periodically scheduled. In attempting
to make the most economical use of dwells, adaptive revisit time is the better choice. The adaptive revisit time is
computed to maximize the time between dwells such that the target dynamics model is constrained to be illuminated
by the dwell when it is sent.® Issues that must be taken into account include the beamwidth, range extent of the
dwell, and accuracies of the target state estimates as well as the maximum thrust and turn acceleration of the target.

Since the targets are free to maneuver, the DG membership may change before the dwell if the adaptive revisit
period (i.e. time between two consecutive DG dwells) is too long. Because of poor track maintenance performance




observed through simulation studies, it was noted that this should be avoided. Thus, if it is observed that the DG
memberships change before the next scheduled dwell, the adaptive time is reduced by roughly half.

To further simplify the tracker’s task, adaptive revisits are only allowed for DG’s with only one member (i.e.
singleton). These singletons can capitalize on the throughput gains offered by adaptive revisit times. For DG's with
more than one member, periodically scheduled revisit times proved to provide more robust track maintenance.

4. COMPUTER SIMULATIONS

To illustrate the concept of the proposed AG/DG strategy, computer simulations are presented. The radar model
used to derive the plots is a notational ship based radar of medium fidelity level . The radar operates at 3.4 to 4.0
GHz with four planar arrays that provide 360° of azimuthal coverage and 753° in elevation. Each of the four arrays is
tilted back 15° and faces 90° apart from each other to give full azimuthal coverage. The field of view of each array is
such that any two arrays overlap in azimuth by about 10°. Linear motion of the platform is modeled as well as roll,
pitch, and yaw. The four arrays are knitted together into a single radar that is used to perform search, acquisition,
and track. For simplicity the same suite of waveforms are assumed used for each task with individual waveforms
varying in frequency and pulsewidth. After a track has been established, the proper pulsewidth is selected to adjust
the energy on target. The range estimates are based on a discrete-phase coded pulse compression model while the
AoA measurements are generated with sum and difference monopulse for both azimuth and elevation. As a result,
if range resolution is lost, the monopulse estimates will be corrupted due to the fact that multiple targets within a
single range cell contaminate monopulse AoA estimates. Monopulse estimates are available in all modes of operation
such that data collected during search may be efficiently used in ToS.

High fidelity issues such as element level effects are not modeled, instead an analytic expression is used to represent
the sum and difference antenna patterns. This level of fidelity allows issues such as multiple detections in adjacent
search beams to be studied along with attenuation effects due to off-boresight beams.

Figures 4-6 present different views of the same simulation run. The simulation starts with two aircraft in flight,
with the ship denoted by the S at location (0,0) as seen in Figure 4. The aircraft then join and fly in formation until
the end of the simulation. In all of these figures, the truth trajectories are denoted with a broken line while the solid
lines represent tracks.

Figures 5 and 6 depict sub-regions of Figure 4 to illustrate finer detail. These figures also show beam pointing
track dwells and the resulting measurements along with ToS measurements. The ToS dwells are not shown, because
there is no equivalent range component of the search dwell- it does not carry the same meaning as it does in the
track dwell and would clutter the figures. The track dwell beam pointing directions for tracks 1 and 2 are shown
with circles and diamonds while x and + denote measurements and the square is used to show ToS measurements.

In Figure 5 the targets are in separate AG’s and separate DG’s resulting in separate track dwells for each target.
Adaptive revisit time is used so that the spacing of the track dwells is aperiodic. The ToS dwells which are not
shown are periodic. Their resulting measurements may be seen to overlap the track dwells on occasion. It is these
times where the ToS dwells may be considered redundant to the track dwells, because the search dwells must be
scheduled and never inhibited. Conversely, isolated ToS measurements may be seen where the search dwell happened
just before a scheduled track dwell, inhibiting it and giving some of the promised radar resource cfficiency. Also of
note is where the targets transition from one array face to another. This array face hand-off can be seen as the two
closely-spaced ToS measurements on each track.

A closeup of the region where the aircraft come together is shown in Figure 6. The targets are close enough to
be in the same AG since Track 1 dwells are suppressed because Track 2 is being fed by measurements from Track 1
dwells. The two tracks are in the same DG, DGy, at the region where the Track 1 dwells straddle the two tracks.
Because of an artifact due to the plot’s scale, it appears that the dwell favors Track 2, but it really is in the middle.
Also note that the track logic implemented in the simulation moves from adaptive to periodic revisits when the DG
has more than one member.

5. CONCLUSIONS/FUTURE WORK

A new track management technique that makes efficient use of radar resources has been presented along with
computer simulations to illustrate its operation. Key features of this strategy involve the use of association groups
and dwell groups. Several different methods of structuring the AG’s and DG’s were presented along with track logic
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Figure 6. Close up view of tracks after the targets join and the AG/DG technique comes into play.

and management issues that are of concern when implementing these methods. Many issues are left open and promise
to be rich areas of future research. Performance analysis of the different AG/DG structures discussed along with the
optimal DG beam positions are obvious areas for further study. Also a detailed performance analysis is needed to
compare the new algorithm with existing ones with regard to track metrics and, of course, radar resource efficiency.
Other areas of interest involve further refinement of the management logic to make the tracker with respect to radar
resources more efficient and robust to both noise and smart jammers.
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Extended Abstract

Monopulse is a simultaneous lobing technique for determining the angular location of a
source of radiation or of a “target” that reflects part of the energy incident upon it [1]. In an
amplitude comparison monopulse radar system, a pulse of energy is transmitted directly
at the predicted position of the target, and the target echo is received with two beams
that are squinted relative to the predicted position of the target (note that two beams are
required for each angular coordinate). Traditionally, the Direction-Of-Arrival (DOA) of a
target is estimated with the in-phase part (i.e., the real part) of the monopulse ratio, which
is formed by dividing the difference of the two received signals by their sum. However, the
presence of reflections from the sea surface in the main lobe of the antenna pattern can
cause severe errors, when using the monopulse ratio as the target DOA estimate. While the
problem of tracking low elevation targets has been studied extensively in the last 30 years
[1-8], the statistics of monopulse measurements of a target in the presence of sea-surface

induced multipath were not available in the literature until [9,10].

In tracking of low elevation targets with a monopulse radar, the presence of reflections
from the sea surface can cause severe errors in the DOA measurements of the target.
Since the target echoes that are received directly and via the sea surface are unresolved
in time and frequency, tracking targets in the presence of sea-surface induced multipath
is a special case of tracking unresolved targets. The sea-surface reflection is modeled by
a specular (coherent) component and a diffuse (noncoherent) component. The probability
density function (PDF) of the measured amplitude of the sum signal and the amplitude-
conditioned means and variances of the in-phase and quadrature monopulse ratios are given

in [9,10] for low elevation, fixed-amplitude targets in the presence of sea-surface induced
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multipath. The PDF and the means and variances include the effects of both diffuse and
specular multipath and the means and variances of the monopulse ratios are studied for
radars operating at S, X, and Ku bands.

The diffuse reflection coeflicients in [9.10] that were taken from [11] were found to be in-
consistent with the diffuse reflection coefficients given by [12]. The use of diffuse reflection
coefficients of {11] has been found to exaggrate the impacts of the diffuse multipath com-
pared to the effects found in real radar data. In this paper, the inconsistencics in the diffuse
reflection coefficients will be reconciled and the means and variances of the monopulse ra-
tios will be studies for various operating frequencies. The discrepancies between predicted
and actual monopulse measurements for targets in the presence of multipath in [4] are
thought to be the result of diffuse multipath, and the paper include the results of an

investigation into these discrepancies.

Additional Background

The sea-surface reflection is modeled with a specular (coherent) component and a diffuse
(noncohcrent) component. The specular reflection is caused by a smooth (“mirror-like”)
surface and the diffuse reflection is caused by the surface irregularities. While the spec-
ular reflection coefficient i1s a deterministic number which depends on several unknown
parameters, the diffuse reflection has a random nature that is often modeled as a complex
Gaussian process. Generally, the sea surface is perturbed by small irregularities, and both

reflection components are present.

The signal received from a low elevation target in the presence of sea-surface induced
multipath includes four components. The first part travels directly to the target and
returns directly to the radar, while the second part travels to the target via the sea surface
and returns directly to the radar. The third part travels directly to the target and returns
to the radar via the sea surface, while the fourth part travels to the target via the sea
surface and returns to the radar via the sea surface. In the presence of sea-surface induced
multipath, the in-phase and quadrature portions of the sum and difference signals for

elevation measurements are given by

S; = ay cos¢ + 2049ps cos(d + Ag) + a(gps)? cos(p + 2A¢) + 2a,gpg cos(pa + Ad)
+ o (gpa)? cos(2¢4 + 2A¢) + ngy (1)
sQ = oy sing + 2a4gps sin(¢ + Ag) + a(gps)? sin(¢ + 2A6) + 2049p4 sin(¢q + Ag)
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+.:(gpa)” sin(2¢4 + 2A¢) + nsq (2)
dr = ayme cosd + ay(n: +n1)gps cos(d + Ag) + asnr(gps)® cos(d + 2A4)

+ (1 + 11)gpa cos(pq + Ad) + cunr(gpa)® cos(2¢4 + 2A8) + nay (3)
do = aymy sing + ax(n: + nr)gps sin(¢ + Ag) + anr(gps)® sin(p + 2A4)
+ ou(me + n1)gpa sin(@a + Ad) + anr(gpa)® sin(2¢q + 2A¢) + nag (4)

where

Q= \/’ZAtng(et)pO
k = proportional to the transmitted power
Ay = voltage amplitude of the target backscatter
Gx(f) = sum channel antenna gain at angle
Ga(f) = difference channel antenna gain at angle 6
0; = off-boresight angle of the target
po = matched filter gain

¢ = phase of the directly returned signal echo
_ GA (0,3)

= ———= = DOA of the target
Nt Gz (6) g
Ga(61) .
= ———= = DOA of the target’s image
n Gx(01) g g
fr = off-boresight angle of the target’s image
_ Gx(0r)
g =
Gx(6:)

A¢ = phase difference between the direct and specular reflections
¢q4 = uniformly distributed phase of the diffuse reflection
ps = specular reflection coefficient
pa = Rayleigh diffuse reflection coefficient with parameter pgo
nsy ~ N(0,02) nsq ~ N(0,0%)
ngr ~ N(0,03) nag ~ N(0,03)

The «; is the voltage amplitude of the target echo in the absence of multipath reflections.
Note that A¢ includes the phase difference due to both the Path Length Difference (PLD)
and the specular reflection at the sea surface, which is approximately w. The receiver errors

nsI,NsQ, Ndr, and ngg are assumed independent. Both pgs and pgo depend on the sea state,

Submitted to the 2001 IEEE Radar Conference, September 2000. 3




properties of the seawater, polarization of the transmitted waveform, grazing angle at the

point of the sea-surface reflection, and wavelength A of the carrier.

The first term on the right side of (1) and (2) corresponds to the echo received directly
from the target, while the second and third terms correspond to the three echoes that
are the result of the specular reflection at the sea surface. The fourth and fifth terms
represent three echoes that result from the diffuse reflections at the sea surface. The phase
information associated with ¢ in the fourth and fifth terms is lost due to the presence of
the random phase, ¢4. In the difference signals of (3) and (4), the second and fourth terms
on the right side of (3) and (4) include echoes from two different DOAs, n; and n;.

The specular reflection coefficient is computed as

I exp(—-87%g2), 0< g, <0.1

ps = 0.81254 (5)
— 9o > 0.1
1+ 8m2g2
where
Op .
Jo = —)—i— sin g, | (6)

{ 'y, vertical polarization
I' =

'y, horizontal polarization

Sin Pge — y/€c — €Oy
FH -

Sin Ygq + \/€c — €OS2Yg,

€c SN YPgq — /€ — €OS2thyq
Ty =

€c SIN YPgq + /€. — €OS2tfgq

_ es—€  .((es—€)w.T 4 0
€c = 1 2.2 1 2.2
+ Wit +wiT We
27 .
We = Y = carrier frequency

A = wavelength of the carrier frequency
o = RMS sea-surface elevation above the mean level
Yga = grazing angle

es = static dielectric parameter of the seawater
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€o = 4.9 for seawater
T = relaxation time of the seawater

o; = lonic conductivity of the seawater

According to [11], the Rayleigh parameter for the diffuse reflection coefficient is computed

as
V2|T'|3.68¢,, 0<g,<0.1
pao = § V2[T[(0.454 — 0.858g,), 0.1 < g, <0.5 (7)
V/2|1]0.025, go > 0.5

Letting A and ¢ denote the measured amplitude and phase of the sum signal gives

sy = A cos ¢ sgQ =Asiny (8)
Also, let
2 2
I _ A
R= 20% Ro = 20% (©)

where R denotes the Signal-to-Noise Ratio (SNR) of a fixed-amplitude target in the absence
of multipath and R, denotes the observed SNR.

Let ® denote the parameters {a;, Ad, ps, pdo, 05,04} With E[-] denoting the expected
value and VAR]'| denoting the variance, then [9,10]

E[R,o|®] = [(1+ 2psg cosA¢ + pEg?)? + 805097 (1 + pZg®) | R + 1 (10)
VAR[RZ|®] = [8p300%(1 + pog®)R + 1]

X [[2(1 +2ps9 cosA¢ + pgg®)? + 8pipg? (1 + piog”) R + 1] (11)

Denoting s = sy + jsg and d = dj + jdg, the in-phase and quadrature parts of the

monopulse ratio are given by

d drsr + sqdg
= Re(=) = 2221 12676 12
y e(s) s%%—sé (12)
d dQSI—dISQ
=Im(-) = >>—>— 13
e m(s) 57+ 55 (13)
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The expected value of the monopulse measurements [9.10] are given by

P12 Aoy Qg p D
Elyi|A, @) = +11|0( (1+2pgg cosA¢ + pig ))f[(m~;—g) +(p59)2(771— _12)

11 P11
+ (m + 01 — 212)/)59 cosA¢ (14)
Pn
Ao Q X
BlyqlA. ®] = Lo = (1 205 costg + g %)) 222 (3; — m:) sinAg (15)
where
pi2 _ 207p%9% e + (1 + 2p%9%) 1]
o 2,2 .2 2 2 2 (16)
P11 40 5091 + pio9°] + 0%
Ii(x)
I =

The Iy(z) and I(z) are the zero and first order modified Bessel function of first kind.
The form of (14) suggests that separating the bias in the monopulse ratio (ie., as a
DOA estimate of the target) into diffuse and specular components as in [8] may not be
appropriate. For example, when measured amplitude of the sum signal is rather small,
the bias in the monopulse ratio will result from the diffuse multipath. On the other hand,
when the measured amplitude of the sum signal is very large, the effects of the diffuse

multipath will be very small.

Since the statistics of the monopulse ratios as presented above are a function of the mea-
sured amplitude, A, of each pulse or subpulse, the statistics will be illustrated by using
the expected value of the observed SNR in (10) for the R,. Using the R, = E[R,|®] of
(10) and the sca-surface reflection model above, trajectories of E[ys|A, ®], Elyg|A, ®], and
the variances were generated for low-elevation targets, with the antenna boresight pointing
directly at the target. Trajectories were generated for a radar operating at 4 GHz in S
band. For all cases, the sea surface was assumed to have a RMS wave height of 0.25 m,
and the radar is vertically polarized and 20 m above the sea surface. Also, for all cases,
the use of Sensitivity Time Control (STC) will be assumed so that the SNR of the target

only, R, is independent of range.

For the S band case, the radar was modeled to have a onc-way beamwidth of 2.5° and a
squint angle of 1.05°. The target travels from a range of 20 km to a range of 5 km at an
altitude 80 m. The means of y; and yo and the associated standard deviations are shown
in Figures 1 through 3 for a 16-dB target (i.e., 16 dB in the absence of multipath). The
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oscillatory form of y; and yg in Figure 1 is the result of changes in A¢. The dips in the
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Figure 3. Standard Deviations of Monopulse Ratios for 16-dB Target at an Altitude of 80
m and S Band

peaks of Elyr|A, ®] are the result of the diffuse multipath dominating the return signal
when the direct and reflected signals almost cancel. The results of Figures 1 are given in
the complex plane in Figure 2 along with the same results for pgo = 0. Note that Figure 2
gives only the results for the target ranges of 15 km to 8 km. The dash lines in Figure 2
give the means of y; and yg for specular-only reflections at the sea surface. Figure 2 shows
that ignoring the effects of the diffuse reflections will result in significant errors in the DOA
estimation for a target in the presence of sea-surface-induced multipath. Note that these
curves utilize teh diffuse reflection coefficients of [11]. Based on the examination of actual
radar data, the effects of the diffuse multipath appears to be too large. Figure 3 shows
that the standard deviations of the in-phase monopulse ratios are significantly less when
the target is out of the multipath nulls (i.e., peaks in the expected value of the in-phase
monopulse ratios) and at longer ranges, where the specular reflections are relatively strong,

and the angles between the target and the image are rather small.
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Steady-State Tracking with LFM Waveforms*

Winnie Wong
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Abstract-"The steady-state gains and error covariance are
derived for a two-state Kalman filter (i.e., an o, 3 filter)
for tracking with linear frequency modulated (LFM) wave-
forms. A procedure is given for calculating the «, 3 gains
from the tracking index, I, the sample period, T, and the
range-Doppler coupling coefficient, At. The steady-state
error covariance is found to be a simple function of «, 3,
At, T and the measurement noise variance, o>. A gain
scheduling technique for e« and 3 during filter initializa-
tion is also given.

I. INTRODUCTION

The Kalman filter produces an optimal estimate of
the target state when given the motion model and a se-
quence of sensor measurements corrupted with white Gaus-
sian errors. The computational burden of maintaining the
Kalman filter may prohibit its use when many targets are
being tracked. Steady-state filters are also good for filter
design and analysis. Constant data rate and constant error
covariances required for steady-state filters are not typi-
cally true in real systems, so approximate gains are typi-
cally used. The gains are based on the steady-state gains
of the Kalman filter and implemented either using a fixed
gain or an easily generated gain schedule. The resultant fil-
ter for tracking range and range rate is called the «, g filter,
where approximate filter gains «, 3 may be used instead
of the optimal Kalman gains [1]. In [2], the range-Doppler
coupling of linear frequency modulated (LFM) waveforms
is shown to have a significant effect on tracking accuracy.
In the Appendix of [1] and in [3], the steady-state gains
and error covariance are derived for range measurements
without range-Doppler coupling. In this paper, the range-
Doppler coupling associated with LFM waveforms is in-
cluded in the measurement equation, and expressions for
the steady-state gains and error covariance are calculated.

II. MATHEMATICAL MODEL

‘The dynamics model commonly assumed for a target
in track is given by

X1 = FeXe + Gruy (1)

*

‘This research was accomplished through funding from the Fac-
ulty Leadership Program of the Georgia Tech Research lnstitute,
Atlanta Georgia. )

W. D. Blair
Georgia Tech Research Institute
Georgia [nstitute of Technology
Atlanta. Georgia 30332-0857
dale.blair@gtri.gatech.edu

where wy ~ V(0,Qk) 1s the process noise, £, defines a
linear constraint on the dynawmics and Gy is the input
matrix for maneuver. The target state vector .Xy contains
the range and range rate of the target at time &. The linear
measurement model is given by

Ye = He Xi + ve (2)
where Y} is typically the target position measurement and
ve ~ N(0,Rg) is the measurement noise, and Hy is the
output matrix that will include range-Doppler coupling
coefficient.

The measured range and the variance for a LFM
waveform and the range-Doppler coupling coefficient for
a LFM waveform are given by [2] as

Y = 1k + Atre + v ) (3)
2 o, 2 Atgcg . CB ¥
v = Bkl = g5 = 357w )

for Jor .
At = = — 5
fa=h B )

where ry is the true range at time &, R is the signal-to-
noise ratio, ¢ is the speed of light, fy is the nominal carrier
frequency, fi 1s the initial frequency, and f, is the final
frequency. Also |B| is the bandwidth of the LFM waveform
and 7 1s the pulse length. Note that the demodulation
frequency can be modified with the range rate estimate to
reduce the bias in the range measurement due to range-
Doppler coupling. However, if the range rate estimate
is used to remove the bias in the range measurements,
the measurement errors becotne correlated with the state
estimate and the typical Kalman filter must be modified
to account for the state correlated measurement errors.

The Kalman filtering equations associated with the
state model in (1) and the measurement model in (2) are
given by the following equations.

Time Update:

Kpp-1 = Fr—1Xp 1)k -1 (6)
Pepk=1= Fro1 Pecapem 1t FiZ ) + G Qe Gi_y (7)
Measurement Update:
Kk = Pepeo 1 HE [Hi P  HE + Re] ™Y = PoeHE RZY(8)
Xepe = Xepp—1 + Ke[Ye — He Xgp-1] (9)
Pope = [I — Ky Hi) Prjg—1 (10)




where the subscript notation (klj denotes the state esti-
llldt(—‘ for timme #x when given measurements through time
The Ay is the [\d.lll)clll gain that minimizes the mean
square error in the state t‘btillldtt‘ Also. note that .Yx ~
N Xk ks lHk) with .Xgx and IHk denoting the mean and
error covariance of the state estuate, respectively.

III. THE «, 3 FILTER

For the Kalman filter in steady-state conditions,
Pty = Pr—rjk=15 Peyrpe = Prje—1, and Ky = Kg_y. For a
Kalman filter to achieve these steady-state conditions, the
error processes, wy and vg, must have stationary statistics
and the data rate must be constant. When the noise pro-
cesses are not stationary or the data rate is not constant,
a filter using the steady-state gains will provide subopti-
mal estimates. The «a, J filter is the steady-state Kalman
filter for tracking nearly constant range rate targets. The
a, 3 filter is a single coordinate filter that is based on the
assuniption that the target is moving with constant range
rate plus zero-mean, white Gaussian acceleration errors.
Given this assumption, the filter gains o and 3 are cho-
sen as the steady-state Kalman gains that minimize the
mean-square error in the range and range rate estimates,

For the «, 3 filter for piecewise constant acceleration
errors,
T

Xe =[re 7] (11)
T B .
Fy = —[0 1] {12)
N Y R R
("‘_(’_[7 1] (13)
He=H =[1 At] (14)
Ri=R=0" (15)
Qi=Q=0l (16)
-
Kp=K = [a ﬁ}] (17)

where ¢ and 7 are the range and range rate of the target,
respectively, o2 and o2 are the variances of measurement
noise and process noise, respectively, T is the sample pe-
riod between measurements, and At 1s the range-Doppler
coupling coefficient.

Let the steady-state error covariance matrix of the
filtered estimates for the o, 3 filter be denoted as

P12
P2z

5), and (18) in (8) gives the steady-state gain

Pepijesr = Pop =P = [”” (18)

P12
Using (14), (1
as

P11+ prat

— pul p-
Ky =Ky1 =K =PH'R™! I:[)17+1)_13At] (l))
Using (17) with (19) gives

a = (p11 + p12At)o,”
B = (p12 + pndt)To;?

(20)
(21)

Inserting (7) into (10) and setting /% ke = D=1 = P
for steady-state conditions gives
[ —KH])' P =FPF + GG o2 (22)
Equating the (1.2) and (2.2) elements of (22) gives
expressions for pys and puy. Substituting prs and pas into
(21) gives

g9
7 Ouw

B
[ogv

» 3°
r-= -

= (26)
Il —o— dﬁ
T

where 1" is the tracking or maueuwnug index. Using (26)
to eliminate a in the expressions of py» and pas gives

o = 8oy | — oo 2w »+ Il ﬁ (27)
(1 At 2 1
—
=0
3o (20 — 3) o
pry = —27r P (28)
2072 (1 - @ — Ij—;—:)
1
Substituting pi12 into (20) gives
) Bo? | 20+ 3\ At] At
pr =ao, — ——t ] - — —
R Y- 2 )T T
(29)

The steady-state error covariance is then given by (27T)
through (29). Equating the (1,1} elements of (22) and

using (27) through (29) gives
ast® + a2 + @B +ag =0 (30)
where
At\" At )
az = — (T) ~aT (31)
. At\* S At At 1—a o
ay = —2u (?> —_ ZLYT + 3,[—, 1 (52)
a; = —3a? %——a +2aI +3a-2 (33)
a =0’ —a® (34)

There are three solutions for (30). By comparing with the

Kalman filter numerical results, the valid solutions of (31)

for 4 are given by
2

By = —e

(1+4%)

At o1 At
X <1+ZT)+Z:£:2\/(1—Q—[,—> -«

(35)




For # > 0, both solutions of (35) are valid for J

. . . At .
depending on the selection of I' and T The 5_ (ie,
minus sign in the front of the radical) is used for @ with
increasing o until the maximum o is reached, which s
given by

2At 41 4A
T T

2
)
T

‘Then 34 (i.e., plus sign in the front of the radical) is used
for 3 from w,,, with decreasing « and it is valid as long

+1

(36)

Urnar =

as 1 — o — ﬁ+? > 0. that is, [' in (26) is a real number.

A . . PEAY 1
For —TE < 0, 4- is the only solution for 3. If - = ~1
(30) becomes a quadratic equation given by
bo3* + 618 + by =0 (37)
where
— a l 9
by = 53 (38)
o? 5o
by = —— + — —2 3¢
1 1 +‘ 5 (39)
by = o — & (40)
. . . . At ’
If there is no range-Doppler coupling (i.e., - = 0) 3],
(26) through (29), and F_ of (35) give
8
e T
Pgk=0y | 3 32(2a — B) (41)
T 2(1—a)I?
a2 2
Fz — r (:w — ‘B_ (42)
oy 1-o
B=22-a)—4V]l—u (43)

‘These results of (41) through (43) agree with that derived
in the Appendix of {1} and Kalata’s paper [3].

Inserting (26) into (30) to eliminate o and expressing a
polynomial equation of 3 in terms of [, At and T gives

<4 2
,34_[‘333‘*‘ %_(%) F4—2F2} ﬁz_[14f3+[\4:0

(44)

Note that (44) does not depend on the sign of At. Newton’s
method with a good initial guess of 3 can be used to find a
zero of (44). A good initial guess of 3 1s given by the case
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of At = 0, where the initial 7 is computed with (43) and
« is given by [4]

o= —é (12 + 80— (0 +4) VIT53T)

(45)

After 3 is found by utihizing Newton’s method, the steady-
state gain, « and the error covariance are then calculated

for the given I' and %t— using (26) through (29).

Various results for the «, g filter are shown in Figures
1 through 7 and the results were comfirmed by iterating
the Kalman filtering algorithm until the steady-state con-
ditions were achieved. Figure 1 shows that the vartance of
the range estimate decreases with increasing At for a given
['. Figure 2 shows that the correlation coefficients for range
and range rate estimates are between zero and one. Note
that as At becomes more positive, the correlation coef-
ficient for range and range rate goes to zero at higher I'.
This means that the range and range rate estimates are less
correlated to each other at higher I'. Thus the accuracy
of the predicted measurements will be improved at more
positive At. Figure 3 shows that the variance of range rate
decreases with increasing At. Figure 4 shows that o de-
creases with increasing At. For the case of At = 0, o will
go to one as [' approaches nfinity. Figure 5 shows that g
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is maximized for uo range-Doppler coupling (i.e., At = 0)
and 3 does not depend on the sign of At as indicated by
(44). For the case of At = 0, g will go to two as |' ap-
proaches wfinity. In Figure 6, 8 is plotted versus « for

. . At
various values of —. Note that there may be two solu-

tions of 8 for a given o when At > 0, and there is only one

solution of 3 for a given v when At < 0. Figure 7 shows the
. . At

contours of constant I’ for 3 versus « for —1.0 < — < 1.0.

. . . At
Comparing Figures 6 and 7, the curve for — = 0 passes

through the peak of the contours of constant I'. Note that
At

for — = 0, the values of & and § will go to one and two

as I approaches infinity, respectively.
IV. INITIALIZATION GAINS

Least-squares estimation can be used to derive the
gains for initializing an «, 3 filter. For linear least-squares
estitnation, an equation formulating the measurement vec-
tor Z as a linear function of the parameter vector X to be
estitmated is given by

Z=WX+V (46)

where E[V] = 0 and E[VVT] = g2y for N + 1 measure-
ments with {x denoting the (N + 1) x (N + 1) identity

10"
Tracking Index I°

Fig. 5. g Versus T with 7' =1 s and o, = 10 m
15 i
/° |
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/
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Fig. 6. 8 Versus « with T = 1 s, 0, = 10 m and
0.01 < T £10.0 for vartous values of %
Figure 7. 8 Versus o« with T =1 s, ¢, = 10 m and
-1.0< T < 1.0 for various values of I
matrix. The least-squares estimate X {4] is given
X=wrw)y"'wlz (47)

with error covariance

Py = COV[X] = a2(WTiv)~? (48)

A current state estimate of X denoted by Xy =
(70 'i'U]F can be obtained from the current measurement




plus the N previous measurements as

In =WyXo+ Vn (49)
where
Zyv =[y-n y-v+41 y-1 ol (50)
Vv =[voy tovp vo1 g (51)
Wy = 1 1 1) (52)

At —NT At+(-N+1)T At
where E[Vy] = 0. E[Vy VY] = olly. At is the range-
Doppler coupling coefficient in (14) and Wy is a combina-
tion of the state transition matrix and the output mat,r'g(.
The error covariance of the least-squares state estimate Xy
with an LFM waveform is given by

COVISy) = Py = c2(WEwy) ™! (53)
where
] 1 At N T
(W§ W'N) = N-Hv T (Az)'*’—?\,:;\}T N/Ilk(l'z,flﬂ) T ]
At - N+l 7 NF1 + N+ 6
(54)
Then
At 6 /A 3 2AL
52 |ON +1-6= + — [ — 21 ==
py = 208 | PV (F) 74~ 57
T NT NT?
(55)

where dy = (N + 1)(N + 2). Note that At cannot be
selected to minimize the determinant of Py, |Pn|, because

. . . At N
| Py is not a function of At. Also note that for — = oL

the variance of range is minimized and the range and range
rate estimates are uncorrelated.

Let the scheduled gains for initialization for the «, 3 filter
be denoted by
] T

where k denotes the gains for processing the k + 1°° mea-
surement.

Be

T (56)

Ky = [ak

Letting P = Pr of (55) in (8) provides a simple gain
scheduling procedure for « and 8 during initialization that
1s given by

o/ At
2(2k+1) - G-T—
HLCL;L'{ m, (1}

6 .
m.a..'v{ m d}
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with Xy, = [0 0]%. Note that as k& approaches infinity,
the functions of k& for ag and 3, go to zero. 'This is
because the least-squares estiination assumnes there is no
process noise. However, the steady-state gains, « and
3 are nonzero in the Kalman filter, which takes process
noise into consideration. If ¢, = 0 (e.g., exoatmospheric
ballistic target), and o = 7 = 0, ag and Jp are valid for
longer periods. Using the range measurement at ¢ = 0. yo.
and the range measurement at t = 7', y;. the initial state
estimate and error covariance based on two measurements
with an LFM waveform are given by

At

- = = (o1 = w) .
K= 91— W (59)
T ) B
At 2oran\? 1 At
-1 - —(1-292=
po 2 |\T * '1’) T(l 2:r‘) .
= 1 At 9 (60)
(1 ~9=2 .
T( ZT) T2

The illl and Pjj; are the result of the least-squares
estiination with the first two measurements.

V. CONCLUDING REMARKS

The steady-state gains and error covariance for the .
3 filter are presented as a simple function of o, 3, At, T and
o2. The results for the o, g filter were confirmed with the
Kalman filtering equations. The initialization equations
of (60) and (61) assume two identical L¥M waveforms
at t = 0 and t = T. However, in a phased array radar,
the confirmation dwell may include a LFM waveform with
up-chirp and down-chirp to achieve range and range rate
measurements from a single dwell.
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Steady-State Tracking with LFM Waveforms

Correspondence

The steady-state gains and error covariance are derived for
a two-state Kalman filter (i.e., an o, g filter) for tracking with
linear frequency modulated (LFM) waveforms. A procedure is
given for calculating the o, 3 gains from the tracking index I,
the sample period 7, and the range-Doppler coupling coefficient
Ar. The steady-state error covariance is found to be a simple
function of o, 8, At, T and the measurement noise variance af.
The expressions for the steady-state gains and error covariance
were confirmed numerically with the Kalman filtering equations.
A gain scheduling technique for o and § during initialization is
also given.

INTRODUCTION

The Kalman filter produces an optimal estimate
of the target state when given the motion model and
a sequence of sensor measurements corrupted with
white Gaussian errors. The computational burden of
maintaining the Kalman filter may prohibit its use
when many targets are being tracked. Steady-state
filters are also good for filter design and analysis.
Constant data rate and constant covariances required
for steady-state filters are not typically true in real
systems, so approximate gains are typically used.
The gains are based on the steady-state gains of
the Kalman filter and implemented either using a
fixed gain or an easily generated gain schedule.
The resultant filter for tracking range and range
rate is called the o, g filter, where approximate
filter gains «, 8 may be used instead of the optimal
Kalman gains [1]. In [2], the range-Doppler coupling
of linear frequency modulated (LFM) waveforms
is shown to have a significant effect on tracking
accuracy. In {3] and the Appendix of [1], the
steady-state gains and error covariance are derived
for range measurements without range-Doppler
coupling. Here, the range-Doppler coupling
associated with LFM waveforms is included in
the measurement equation, and expressions for
the steady-state gains and error covariance are
calculated.
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MATHEMATICAL MODEL

The dynamics model commonly assumed for a
target in track is given by

Xk+l - I’;ch + kak (1)

where w, ~ N(0,Q,) is the process noise, F, defines
a linear constraint on the dynamics, and G, is the
input matrix for maneuver. The target state vector X,
contains the range and range rate of the target at time
k. The linear measurement model is given by

),k -_-Hka +vk (2)

where ¥, is typically the target position measurement
and v, ~ N(O,R,) is the measurement noise, and H,
is the output matrix that includes range-Doppler
coupling coefficient.

The measured range and the variance for an LFM
waveform and the range-Doppler coupling coefficient
for an LFM waveform are given by [2] as

Vi =1+ Atr + v 3)
Ar2c? c?
2 _ pro2] -
o =EW] = 3w = 3w @
Jor Jor
Ar= BT - JdT 5
-7 B )

where r, is the true range at time k, R is the
signal-to-noise ratio, c is the speed of light, f,

is the nominal carrier frequency, f; is the initial
frequency, and f, is the final frequency. Also |B| is the
bandwidth of the LFM waveform and 7 is the pulse
length. Note that the demodulation frequency can be
modified with the range rate estimate to reduce the
bias in the range measurement due to range-Doppler
coupling. However, if the range rate estimate is

used to remove the bias in the range measurements,
the measurement errors become correlated with

the state estimate and the typical Kalman filter

must be modified to account for the state correlated
measurement errors.

The Kalman filtering equations associated with the
state model in (1) and the measurement model in (2)
are given by the following equations.

Time Update:

(6
Q)

Xik-1 = Fe1 Xe_1pe—1

P11 = Ec—lPk—uk—lEcT—l +G, 10,1 GE_;-
Measurement Update:
Ky = Hc[k—lHZ[Hkqu—lHkT +R] ! = Pk|kaTRk_l ®)

®
(10)

where the subscript notation (k | j) denotes the state
estimate for time 7, when given measurements through

X = Xipe—1 + Kl — Hie Xy ]

qu =[I —Kka]Pklk—l
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time ¢;. The K, is the Kalman gain that minimizes
the mean square error in the state estimate. Also,
note that X, ~ N (X, By) with X, and By, denoting
the mean and error covariance of the state estimate,
respectively.

THE o, 8 FILTER

For the Kalman filter in steady-state conditions,
By =B_yy-and By =By ), and Ky =K, _,. For a
Kalman filter to achieve these steady-state conditions,
the error processes, w, and v,, must have stationary
statistics and the data rate must be constant. When
the noise processes are not stationary or the data
rate is not constant, a filter using the steady-state
gains provides suboptimal estimates. The a, 3 filter
is the steady-state Kalman filter for tracking nearly
constant range rate targets. The ¢, § filter is a single
coordinate filter that is based on the assumption
that the target is moving with constant range rate
plus zero-mean, white Gaussian acceleration errors.
Given this assumption, the filter gains o and 3 are
chosen as the steady-state Kalman gains that minimize
the mean-square error in the range and range rate
estimates.

For the o, 8 filter for piecewise constant
acceleration errors,

X, =l n)' (11)
P T] (12)
ke "b 1
_ _ TZ T
G=G=[% 1] (13)
H=H=[1 A1 (14)
R, =R =o? (15)
0, =0=o, (16)
K= BT
K=K=|a T] a7)

where r, and 7, are the range and range rate of the
target, respectively, 02 and o2 are the variances of
measurement noise and process noise, respectively, T
is the sample period between measurements, At is the
range-Doppler coupling coefficient, and « and 8/T
are the steady-state Kalman filter gains.

Let the steady-state error covariance matrix of the
filtered estimates for the a, 3 filter be denoted as

Pu Plz]
P2

P12

Bitps1 =Bp =P = [ (18)
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Using (14), (15), and (18) in (8) gives the steady-state Bo2(2a - fB)
gain as P = A7 (28)
272 (1 —a— ,3——)
: + py, At
K,=K,,=K=PH'R'= [p” ple ]0'2. T
P Pt (19) Substituting p,, into (20) gives
Using (17) with (19) gives Bo?
) pi =00 — '———'VT
a = (p) + P Ab)o; (20) (1—a—5—’>
T
B =(pyp + P AT} 2. 1)
Inserting (7) into (10) and setting B, = B,_j_; = N [1 e (Za +ﬂ> Q} é_f 29)
P for steady-state conditions gives 2 T|T
[l -KH]'P =FPF" + GG" 0. (22) The steady-state error covariance is then given by
r 8 2a+ B\ At] At B8 2+ B\ At] -
a'_—__———___iif_'[l “ ( 2 ) T|T A |1 2 T
l—a—-F—= T{l-a-p—
2 T T
By =0, . (30)
I5) [1 o <2a +ﬁ) At] BRa—B)
At T\ 2 )T At
P fd 2{1_qg-82
| T(l o 'BT) T(l «a ,3T> |
Then
At At
1 (1 _@7‘—> pu +alip;, (1 “%) P +alipy,
[ -KH]'P = 5A 5 5 (23)
1—0‘——7'— TPu +(1-a)py, TP12+(1—CY)P22
FPFT = [Pn +2Tp, +T?py ppp+ TPzz] 24)
P +Tpy P2
T4 13
GGt=at| 4 2 25)
Z_ T2
2

Equating the (1,2) and (2,2) elements of (22) gives
expressions for p;, and p,,. Substituting p,, and p,,
into (21) gives

T452 2
v l—a-4

T
where I" is the tracking or maneuvering index. Using

(%6) to eliminate o2 in the expressions of p,, and p,,
gives

P, = ﬂaf l—a 20+ 8\ At
2= AN | T\ 2 )T
T (1 - ﬁ?)
27
CORRESPONDENCE

Equating the (1,1) elements of (22) and using (27)

through (29) gives

a3,83 +a2,62 + alﬁ + aO = 0

where
(A A
BETA\T aT
At\? At At 1—-a
%-—M(T)—m7+&F+jr
At At
a1=—3a2T—-a2+2a—f+3a—2
ao=a2—a3.

(1)

(32)

(33)

(34)

(35)
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There are three solutions for (31). By comparing with
the Kalman filter numerical results, the valid solutions
of (31) for B are given by

2
Pe=7 5

2
x (_a(nzg)uiz«l_ag) o).
(36)

For At/T > 0, both solutions of (36) are valid for
B depending on the selection of I' and At/T. The §_
(i.e., minus sign in the front of the radical) is used for
B with increasing o until the maximum « is reached,
which is given by

2At 4A1
S Y i

T T
2
*(7)
T
Then 8, (i.e., plus sign in the front of the radical) is
used for 8 from ¢,,, with decreasing « and it is valid
aslong as 1 —a—B,At/T >0, thatis, I' in (26) is a
real number. For At/T <0, (_ is the only solution for

B.If At/T = —%, (31) becomes a quadratic equation
given by

+1

Omax =

@37

b,8* + b8 +by =0 (38)
where
o 1
b, = 373 (39)
a®>  Sa
b,_——z+7—2 (40)
by=a*-a’. (41)

If there is no range-Doppler coupling (i.e., At/T =0)
{1, 3, 71, (30), (26) and B_ of (36) give

-
_ 2
Bclk =0, E ﬁ2(2a -8) (42)
T 2(1-a)T?
4 2 2
r2= Ta‘;w - lﬂ—a @3)
B=2Q2-0a)—4V1 -0 (44)

These results of (42)-(44) agree with that derived
from [1, Appendix] and Kalata’s papers [3, 4].

Inserting (26) into (31) to eliminate o and
expressing a polynomial equation of 3 in terms of T',
At and T gives

2
B -1%8 + [;— (%’-) r“-zr’] g -Tp+T*=0.
(45)
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Note that (45) does not depend on the sign of At.
Newton’s method with a good initial guess of 3 can
be used to find a zero of (45) when I' and At/T are
given. A good initial guess of 3 is given by the case
of At =0, where the initial 8 is computed with (44)
and « is given by [6]

a=-3T?+80 — (T +4)VI2+8T).  (46)

After 3 is found by utilizing Newton’s method, the
steady-state gain, «, and the error covariance are then
calculated for the given I' and Az/T using (26) and
(30). These results were confirmed with the Kalman
filtering equations.

Various results for the a, 3 filter are shown
in Figs. 1-7 and the results were comfirmed by
iterating the Kalman filtering algorithm until the
steady-state conditions were achieved. Fig. 1 shows
that the variance of the range estimate decreases
with increasing At for a given I'. Fig. 2 shows that
the correlation coefficients for range and range rate
estimates are between zero and one. Note that as At
becomes more positive, the correlation coefficient for
range and range rate goes toward zero at higher I'.
This means that the range and range rate estimates
are less correlated with each other at higher I". Thus
the accuracy of the predicted measurements will
be improved at more positive Az. Fig. 3 shows that
the variance of range rate decreases with increasing
At. Fig. 4 shows that o decreases with increasing
At. For the case of At =0, a will gotoone as T’
approaches infinity. Fig. 5 shows that 8 is maximized
for no range-Doppler coupling (i.e., At = 0) and 8
does not depend on the sign of At as indicated by
(45). For the case of At =0, 8 will go to two as T
approaches infinity. In Fig. 6, 3 is plotted versus « for
various values of At/T. Note that there may be two
solutions of 3 for a given o when At > 0, and there
is only one solution of 3 for a given o when At <0.
Fig. 7 shows the contours of constant I" for 8 versus
a for —1.0 < At/T < 1.0. Comparing Figs. 6 and 7,
the curve for At/T = 0 passes through the peak of
the contours of constant I". Note that for At/T =0,
the values of o and 8 will go to one and two as '
approaches infinity, respectively.

INITIALIZATION GAINS

Least-squares estimation can be used to derive
the gains for initializing an «, 3 filter. For linear
least-squares estimation, an equation formulating
the measurement vector Z as a linear function of the
parameter vector X to be estimated is given by

Z=WX+V

where E[V] =0 and E[VVT] = g2l for N + 1
measurements with 7, denoting the (N + 1) x (N + 1)
identity matrix. The least-squares estimate X [5] is

(47)
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Fig. 1. Range variance versus I' with 7 =1 s and g, = 10 m.

Correlation Coefficlent for Range and Range Rate

AVT =1

) 1 1 . 1 1

5 6
Tracking Index T

Fig. 2. Correlation coefficient for range and range rate versus I' with T =1 s and 0, = 10 m.

given )
X=wW'w)y'w'z
with error covariance
B, = cov[X] = c2(WTW)!.
_ A current state estimate of X denoted by

X, =1[F, F,)* can be obtained from the current

CORRESPONDENCE

measurement plus the N previous measurements as

@8) Zy = WXy +Vy (50)
where

“9) Zy=ly_.n Y-nu1 y-1 Yol (51)

W=y voyar o v vl (52)
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Range Rate Variance (pzz)
a
N
T

10’ '
10" 10° 10'
Tracking Index T’
Fig. 3. Range rate variance versus I’ with T =1 s and ¢, =10 m.
1.8 T "
AVT = -1

02t AT =1 i
0 1
10 10° 10'
Tracking Index T’
Fig. 4. aversusT with T=1sand 0, =10 m.
W 1 1 1 137 is given by
¥ |At-NT At+(-N+DT - &-T At cov[X,] = By = c2(WTWy)™! (54)
(53) where
where E[V,] =0, E[V,VT1 =02y, At is the T
range-Doppler coupling coefficient in (14) and WIW.) = (N + 1 ! M-N7
W, is a combination of the state transition matrix ¥y =0+ D At NT (A — AINT 4 NGN +1 T?
and the output matrix. The error covariance of the —N7 @t +N@N+ D
(55

least-squares state estimate X, with an LFM waveform
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Fig. 5. BversusT with T=1 s and 0, =10 m.
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Fig. 6. Bversusa withT=1s,0,=10m, 0001 <T < 10.0 for various values of At/T.

Then
s 203
VXl =l = a2
Ar 6 (A 3 2N
2N+1_6—T—+N(T) T(I_TVT)
3 (1_29_’) S_
T NT NT?
(56)

Note that At cannot be selected to minimize the
determinant of Py, |B|, because |Py| is not a function

CORRESPONDENCE

of At. Also note that for Az/T = N /2, the variance
of range is minimized and the range and range rate
estimates are uncorrelated.
Let the scheduled gains for initialization for the
o, 3 filter be denoted by
[, &
K, = [ak T (57
where k denotes the gains for processing the & + 1st
measurement.
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Fig. 7. Bversusa withT=15,0,=10m, —1.0< Az/T < 1.0 for various values of T'.

Letting B =k of (56) in (8) provides a simple
gain scheduling procedure for o and 3 during
initialization that is given by

At
22k + 1)~ 67

G+Dk+2) ¢ (58)

o = max

6
By =max{m,ﬁ} (39

with X,,_; = [0 0]". Note that as k approaches
infinity, the functions of k for ¢, and 3, go to zero.
This is because the least-squares estimation assumes
there is no process noise. However, the steady-state
gains, « and f3, are non-zero in the Kalman filter,
which takes process noise into consideration. If ¢, =0
(e.g., exoatmospheric ballistic target), and a = 8 =

0, o, and S, are valid for longer periods. Using

the range measurement at ¢ = 0, y,, and the range
measurement at ¢ =T, y,, the initial state estimate and
error covariance based on two measurements with an
LFM waveform are given by

At
“ }’1_?‘(}’1—)’0)
Xl]l = Y= Yo (60)
T
At 2 rAan\? 1 At
) 'r“Q*(?) f(“z"f)
P,=0
="y 1 At 2
T(l‘z'F) 72
()
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The X,,, and P, are the result of the least-squares
estimation with the first two measurements.

CONCLUDING REMARKS

The steady-state gains and error covariance for
the o, filter are presented as a simple function of
a, B, At, T, and o2, The results for the o, filter
were confirmed with the Kalman filtering equations.
The initialization equations of (60) and (61) assume
two identical LFM waveforms at¢ =0 and ¢t =T.
However, in a phased-array radar, the confirmation
dwell may include an LFM waveform with up-chirp
and down-chirp to achieve range and range rate
measurements from a single dwell.
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Introduction

¢ Fusion is only a supporting process and it is unlikely that any
customer is going for pay for “fusion for the sake of fusion.”

¢ In many typical systems, the developers of the components (e.g.,
sensors) and system integrators most often do not understand
fusion algorithms nor appreciate their value.

o Critical to develop and apply fusion algorithms in a systems
context and optimize the system-level performance.

¢ Demonstrations of the potential for improvements in system-level
performance will encourage system developers to take the risk
associated with implementing fusion algorithms.

¢ Promising areas for potential improvements in system-level
performance of sensor systems is the use fusion for efficient
utilization of sensor resources and control of sensor modes.
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Introduction

¢ Tracking benchmark is a set of scenarios and
associated simulation environment that

» Captures salient features of the tracking system of interest

» Provides a “level playing field” for evaluation and comparison
of candidate tracking algorithms

o Expected benefits of benchmark process

» Promote research and development with respect to many

“real-world” issues associated with the deployment of the
tracking system of interest

» Development of algorithms that optimize system-level
performance metrics of the tracking system of interest
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Tracking In Legacy Simulations
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NSWC Tracking Benchmark |
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NSWC Tracking Benchmark Il
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COMPUTATIONAL COST {KALMAN FILTERS)

Average Radar Revisit Period

COMPUTATIONAL COST (KALMAN FILTERS)

Average Radar Power

See W. D. Blair, et. al., “Benchmark for Radar Allocation and Tracking in ECM,”
IEEE Transactions on Aerospace and Electronic Systems, October 1998, pp. 1097-1114.
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Performance Metrics

» Completeness history
- Composite completeness (imptemented)
~ Relative completeness
+ Timeliness
- Composite track initiation time (implemented)
- Composite track relative initiation time
- Composite track convergence time
» Track continuity
- Cumulative swaps of composite tracks (implemented)
- Cumulative broken composite tracks (implemented)
¢ Ambiguity
- Composite track redundant track mean ratio {implemented)
- Composite track spurious track mean ratio (implemented)
+ Accuracy
- Composite track accuracy (implemented)
—~ Composite track covariance consistency (implemented)
+ Cross-platform commonality history
- Ratio of non-common composite track numbers (implemented)
~ Composite track state estimate differences
» JCTN loading

- Communication data loading (implemented)

- Processor loading c rgia Resesrch
Tech || Instfitute

Reporting Responsibility
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Distributed Composite Tracking
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Purpose/Goals of Benchmark

Nearest
Local Re};ao?g ng Track Data  Neighbor Track P"°b;b"'5u° hfn.:ﬁlb;;lo
" Only Data Respo nslblllty Combination  Editing Kalllr:n:rn Splitting Association Hypothes

Selection

Velogity Insensitive to Biases Maximum Accuracy

Heuristic Systematic

Slow Responses Fast Response

Less COmputer Resources

More COmputer Resources

1A 2
Institute




Concluding Remarks

Three areas critical to sensor fusion are:

¢ Optimization of system-level performance through the use
of fusion

¢ Extension of fusion algorithm to address sensor
phenomenology

o Characterization of the performance of different fusion
algorithms versus the cost of implementation via
benchmark problems
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Introduction

Multiplatform-Multisensor Architectures

Coordinate Systems

Multiplatform-Multisensor Track Filtering

— Target Motion Modeling
— Radar Measurements

Extended Kalman Filter

Processing Local Measurements

|
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Interacting Multiple Model (IMM) Estimator
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Introduction

Target Tracking includes two types of uncertainty

— Target Motion Uncertainty: magnitude and mode

— Measurement Uncertainty: magnitude and mode

Local Measurement refers to any sensor measurements that originate on the platform
where the track processor resides.

Remote Measurement refers to any sensor measurements that originate on a platform
other than the platform where the track processor resides.

Local Track refers to any track that includes only local measurements.

Remote Track refers to any track that includes only remote measurements.

e Composite Track refers to any track that includes measurements from more than one
SEnsor.
Georgia Tech Research Institute 4

Introduction

Gridlock refers to the process by which data from one frame of reference is transformed to
another frame of reference. The frame of reference may be the tracking frame of reference
and/or the sensor frame of reference. This process will include a geometric transformation
component and an intersensor bias estimation and removal component. The term gridlock
may be used interchangeably with sensor data registration.

Platform-centric Tracking refers to those tracking systems where the sensors are all
located at a single site or on a single platform (e.g.. a ship or an aircraft). In these cases,
the transformation of data from one frame of reference to another, which is the first step in
the gridlock process. can be accomplished by rather simple transformations that change
very slowly with time. The data passing from the various sensors to the tracker can be
accomplished in a relatively simple manner as well (e.g., over a local arca network).

Network-centric Tracking refers to those tracking systems where sensors may be
located at significant distances from one another as in the case of radar data from multiple
ships or a ship and an aircraft. In these cases, the transformation of data from one site to
another is more involved, and the existence of a communication link is implied.
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Figure 1: Ilustration of network-centric tracking
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Architectures '

Table 1: Assumptions for Hypothetical Network-Centric Tracking Systems

Max position = 500 km Position LSB = 1m

Max velocity = 1,000 m/s Velocity LSB = 0.1 m/s

Max range = 500 km Range LSB = 1m

Range accuracy = 1 - 300m

Max bearing = 360° Bearing LSB = 0.05°

Max elevation = 90° Elevation LSB = 0.05°

Bearing accuracy = 0.05 - 5° Elevation accuracy = 0.05 - 5°

Max time = 86,400 s Time LSB = 0.1 s

Max track number (Niracks)= 1,000 Track number LSB =1

Number of platforms = 5 Tracking interval (liack) = 5 8
Georgia Tech Rescarch Institute 8

lAssigned Reporting Responsibility'

Number of bits required to represent each quantity can be computed as follows:

Max position . ) .
Npos Z 8o (m) = TNpos = 19 bits + 1 sign bit (1)
Max velocity . . .
Nyel = logg(m) = Nye} = 14 bits +1 sign bit (2)
Max time .
Ntime 2 Ing(m) = Ntime = 20 bits (3)

Max track number
Track number LSB

M number _>_ logz( ) = Npumber = 10 bits (4)
Thus, 20 bits are necessary for each position quantity, 15 bits for each rate (velocity) quantity,
20 bits for the time quantity, and 10 bits for the track number. Thus, the total data rate
required to support the hypothetical system is given by

Ntracks (

RDistRR = 377‘1305 + 3Nvel + Ntime + nnumher) (5)

Itrack

which results in a data rate requirement of 27 kbps.
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Central-level Composite Tracking: Practical'

Data rate required to pass just the measurements and associated accuracies with a valid time
tag is computed with

Nrange = 19 bits Nr_ace = 9 bits (6)
Npearing = 13 bits Nb_acc = 7 bits (M
Nelevation = 12 bits  (including a sign bit) (8)
Ne_acc = 7 bits Ntime = 20 bits (9)
For this approach, the data rate required to pass all measurements from legitimate target
returns is given by
Nmeas = Nrange T Mbearing T Nelevation (10)
nmcas_ncc = nf-aCC + nh_ncc + nc_acc (11)
N, N,
platforms as/sca
Rpractica] central = ”; meas/sean (nmeas + Nmeas_acc + ntime)
track
(12)

To support the passing of AMRs associated with the maximum number of targets
(Nmeas/scan = 1,000), the data rate requirement is 17.4 kbps per platform and 87 kbps for the
entire five-platform network.

Georgia Tech Research Institute 12
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Figure 5: Distributed tracking with track fusion for composite tracking: central-level track fusion
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Central-level Track Fusion.

Continuing the example from above, with the added assumption that the elements of the
covariance matrix will all be represented as 32-bit quantities, the data rate requirement can be
estimated as

Nplatforms Nmeas/scan

(13)

Rtrack fusion Ji
track

X (3npos + 37vel + Nnumber + Ntime + 21nacc)

where n,.c is the number of bits required to accurately represent the elements of the covariance
matrix. The minimum data rate required to pass the track data is 161.4 kbps per platform or
807 kbps for the five-platform network.

Georgia Tech Research Institute 14
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Figure 6: Distributed tracking with track fusion for composite tracking: distributed track fusion
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Figure 7: Distributed composite tracking
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Distributed Composite Tracking'

The data rate for passing measurement and accuracy data for the distributed composite
tracking approach is given by

fvplatforms ‘Nmeas/scan

Rdist composite Ji
track

X (nmcas + Nmeas_acc + Mnumber + ntimc) (14)

Using the assumptions for the previous examples, the data rate for this approach is determined
to be 19.4 kbps per unit or 97 kbps for the five-platform network.
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Table 2: Data Rate Requirements for Hypothetical Network-Centric Tracking Systems

AMR or Accuracy | Total rate | Total rate
Architecture state vector
Update Update Unit Network
(bits) (bits) (kbps) {kbps)
Reporting
responsibility 135 NA NA 27
Cent. tracking:
Pure - - - -
Practical 64 23 17.4 87
Dist. tracking:
Cent. Track Fusion 135 672 161.4 807
Dist. Track Fusion 135 672 161.4 807
Tracklets (4:1) 135 672 40.4 202
Composite Track 74 23 19.4 97

Georgia Tech Research Institute
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Figure 8: Earth-centered, Earth-fixed (ECEF) coordinate frame

plane

Equatorial
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Coordinate Systems'

The defining parameters are the length of the semi-major axis, a. of the generating ellipse and,
either the length of the semi-minor axis, b, the eccentricity, e, where
, a?-1b?

= (15)

or the flattening

f=o=t (16)

a

The ellipsoid is a very good fit to the geoid; the root-mean-square (RMS) deviation of the geoid
from the ellipsoid is 30.5 m based on a 1° by 1° worldwide grid.

Georgia Tech Rescarch Institute 20

Coordinate Systems'

Table 3: WGS-84 Parameters

Parameter Value
semi-major axis (a) 6,378,137m
eccentricity (e) 0.08181919
1

flattening (f) 208.2572

Earth’s rotation rate (w,) | 7.292115 x 1073 rad/s
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Figure 9: ECEF coordinates in terms of latitude, longitude, and altitude
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Coordinate Systems'

Position vector P¢ to a point above Earth’s surface can be specified in frame F¢ as

(N+H)copcl
P = (N+H)cost (17)
(N(1—€?)+H) s¢p

where ¢ is the geodetic latitude, £ is the geodetic longitude, H is the geodetic height, N is the
prime vertical radius of curvature (PVRC).

The PVRC is a function of the geodetic latitude and is calculated from

N = —2% (18)
V1—e?s%p
where a is the length of the semi-major axis of the WGS-84 generating ellipse and e the
eccentricity.
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Figure 10: Two platforms in ECEF coordinates
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Coordinate Systems I

The composite rotation or direction cosine matrix from ECEF to frame m. is given by

— sf™ cf™ 0
Cm™e = | —spm cbm  — sp™ st cp™

where ¢™ and £™ arc the latitude and longitude of frame m.

The position of target T relative to platform n is denoted by position vector R™. The
corresponding position vector from platform m is given by

R™ = lean+Dm|n
where

Cm[n — Cm[ccc{n — Cm[(:(cnfr:)—l — Cm!a(cn\a)T
Dmln — CmIE(rp;i _ ’pren)

(19)
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Coordinate Systems

|

The elements of C™!™ are given by

c™n(1,1) = cAgmin (23)
c™M(1,2) = —s™ sAL™I (24)
C™n(1,3) = co™ sALmIn (25)
Ccmin2,1) = s¢™ sAgmin (26)
Cm™n(2,2) = s¢™ s¢™ cAL™™ 4 cp™ cop™ (27)
C™m™(2,3) = —s¢™ cd™ AL 4 cH™ sp™ (28)
Ccm(3,1) = —co™ sAgmIn (29)
C™"(3,2) = —cg™ s¢™ AL 4 5¢™ co™ (30)
C™n(3,3) = co™ co™ cAL™™ 4 5™ s (31)
where Af™I? = gn — g™,
Georgia Tech Research Institute 26
Coordinate Systems'
The elements of D™ are given by
D™™(1) = (N"4H") co™ sAm® (32)
D™™M2) = —(N"+H") co" sp™ cAL™
+ (N1 =€) +H™) cog™ s¢™ + N™e? cp™ sp™ (33)
Dm|n(3) — (Nn + an) C¢n C¢m CAemln _ (Nm + :Hm)
+ (N™(1—e?) +H") s¢™ s¢™ + N™e?(s¢™)? (34)




Georgia Tech Rescarch Institute

LVl
-~

Coordinate Systems'

The deck frame is colocated with the ship’s ENU frame with the z-axis starboard. the y-axis
forward. and the z-axis up. This sequence of plane rotations for roll. pitch. and heading for
platform n denoted by 6.67. and 8} is given by

CPrIn(1,1) = of} ofp + SO sO7 sy (35)
CPmn(1,2) = — cf} sOf + sOF sO7 chy (36)
CP™n(1,3) = s8] cb) (37)
ch!"(2 1) = cfl sop (38)
cPrin2,2) = b} off (39)
CD"m 2,3) = —sb (40)
CPn3,1) = — s cfp + 7 sO7 s (41)
CPin(2,3) = SO sO + cf sO cof: (42)
CP""(3,3) = b7 cf} (43)
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Coordinate Systems I

For two platforms with positions P¢ and Py, relative to F¢ and reference coordinate frames F"
and F™. respectively, the position of target T relative to platform n is denoted by position
vector R™ and the corresponding position vector from platform m is given in deck coordinates
by

R'Dm — C’Dm]mRm — C’Dm|an+D’Dm|n (44)
where

CDmIn — C'Dm|mcm|n (45)
DDm[n — C«'Dm[mDm!n (46)
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Coordinate Systems'

For two platforms with positions P and Pg, relative to ¢ and reference coordinate frames F"
and F™, respectively, the position of target 7 relative to platform n is denoted by position
vector R™ and the corresponding position vector from platform m is given in deck coordinates
by

R’Dm — C’Dm[mRm — C‘Dm|an + D’Dmln (47)
where
C'Dm|n — CDm!mcm]’n (48)
DDmln — CDm]mDm|n (49)
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Coordinate Systems'

The Cartesian coordinates of a position vector in F™ are given in terms of the spherical
coordinates by

™ ™ cos €™ sin b™
R™ = y™ | = | r™ cos €™ cos b™ (50)
zm r™ sin e™

Because the deck frame is colocated with the local geographic frame, the sensors may measure

Dn

the range 7P, bearing bP™ and elevation eP” in deck coordinates.




Georgia Tech Rescarch Institute 31

Coordinate Systems'

From (50), the spherical coordinates are given in terms of the Cartesian coordinates by

o= V@ P ) (51)
) tan“(i—:—), ly™ > |z™|
m o ) (52)
-t (L5 el >
tan_l( = ) WV(z™)? + (y™)?] > |27

(zm)Z +(gm)2 __
_tanq( (a:m)Z:(y ) ) 2 > IR+ ()

The radial velocity or range rate is given by

V(@™ + (y™)? + (27)?
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Target Motion Model I

The dynamical cquation that is commonly used to represent the motion of the target relative
to the platform is given by

Xiy1 = FpXp+ Vi (55)
where
X, = target state vector at time #j
F, = linear constraint on the target dynamics at time 1,
Vi = white noise error in the state process with Vi ~ N (0, Q)
(56)

The N(z. P) denotes the Gaussian distribution with mean Z and covariance P.
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Target Motion Model I

The state vector for a nearly constant velocity motion model is given by

T
X = [Jrk Tk Yk Uk 2k ék} (57)

where (xx, Yk, 2x) represents the position of the target in Cartesian coordinates at time ¢, and
(Zk, Ur, 2) represents the velocity of the target. The dynamical constraint for nearly constant
velocity motion is given by

Ar  O2x2 O2x2 .
Fro=1] 02x2  Ax  0O2x2 where Ap = 0 (58)
O2x2 O2x2  Ag

0r = t — tr—1 denotes the sample period, #x denotes the time of measurement &, and Oz 2
denotes a two-by-two matrix of zeros.
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Target Motion Model I

For the nearly constant velocity motion model, the process noise covariance matrix for
discretized continuous-time, white acceleration errors is given by

& o
g*Cr  0Oax2  Oaxo EN)
Qr=| O2x2 G¥Cr 0Oax2 where Cy, = (59)
2
O2x2  O2x2  G*Ck %’“ Sk

One approach for filter design is to set /gdx approximately equal to the maximum acceleration
of the target under track.
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EKF for Radar Measurements'
The measurement equation is given by
Zy = h(Xk)+ Wy (60)
where
Z, = measurement vector at time #y
Xr = target state vector at time ty
Wi = white measurement error with Wy ~ N (0, Ry)
(61)
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EKF for Radar Measurements'
Tk he(Xk) Wrk
by, hy(Xk) Wk
Zy = = h(Xy) + W, = + (62)
ex he(Xk) Wek
Tk hp(X4) Wpk
where
rr = measured range at time iy
brx = measured bearing at time #
er = measured elevation at time ¢,
7r = Doppler-derived range rate at time ¢,
Wyr = error in range measurement with w,; ~ N(0, afk)
wpr, = error in bearing measurement with wyy ~ N0, Uf,k)
wer = error in elevation measurement with wer ~ N0, agk)
wpr = error in Doppler range rate measurement with wpy ~ N’(O,a%k)
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EKF for Radar Measurements.

Also
he(Xi) = (Jai +yi + 2 (63)
T
tan_1<—k), lyxl > |k
he(Xk) = T y_kl Yk (64)
5~ tan (——), |zk| > [yl
Tk
Z
tan~! (__;5_’;___2)’ [Vzi + 2| > |zl
he(Xe) = { . (65)
5 tan‘l(—’;k—ﬁ), lzi| > |\/22 + i
Tk + YuUk + 262
hp(Xy) = kZk u yky: 12c k (66)
\/ .’Dk + yk + Zk
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EKF for Radar Measurements.
The EKF for the target state estimation with nonlinear measurements is given by
State prediction:
Xie—1 = Fr1Xp_1jk—1 (67)
Pyko1 = Fec1Peoqppr Fily + Qi1 (68)
State update with the measurement:
Xpk = Xppo1 + KiZy (69)
Por = [I— KpHg]Prjr—1 (70)
Zy = Z—h(Xyp-1) (71)
Ky = Pup-1H{S;' (72)
Sy = HkPka_lH;cr + R (73)
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EKF for Radar Measurements.

Xy; = state estimate at time ¢, given measurements through #;
Zk = filter residuals at time £,
Py; = error covariance at time ¢ given measurements through ¢;
— . [ Hrk, ]
Oh(Xk)
00X,
Ohy(Xk) Hyy,
H. = Xy =
k ahe(Xk)
BX;C Hek
Ohp(Xy)
0Xk Xe=Xy
- : - =X kik-1
| Hps |
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EKF for Radar Measurements'

For

T
Xkjk—1 = [-’Ekuc—l Thik-1 Ykik—1 Yklk—1 Zklk-1 ik]k—l]

the rows of Hy, are given by

o [ ZTkjk-1 0 Yk|k=1 0 Zklk—1 0
T TRk Thik—1 Thik—1
Ykk—-1 Th|k-1
Hyo = : KL g g ]
bk ’"hk|k-1 Thk|k——1
% [ Trjk-12kk-1 Yklk—12k]k—-1 0 'rhk\k—l 0 }
k= B T S T 2
‘ ri\k—l"h‘ktk—l Tz-lk—ﬁh'klk—l Thik-1
I Thlk—1 Yklk—1 Zklk~1
= Hpi(1 Hp(3 Hpi(5
Hpy | ( ) Tkik-1 ( ) Tkik—1 ( ) Tklk-1
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EKF for Radar Measurements'
(ylzqk_l + Z:‘k*l)ikm—l = (Uklk—1Uklk=1 + Zk|k—1Zk/k—1) Thlk—1
Hpg(l) = 3
Thik—1
(80)
(mﬁk_14'zﬂk_1)ymk—1'-(Ikw-limk~14-ka-12Mk~1)ymk—1
Hpi(3) = -
Tklk—1
(81)
ThE o 12kk=1 — (Tkik—1Zklk—1 + Yk|k—1Vk|k—1) Zklk~1
Hpy(s) = L HE1 | 31 | | ! (82)
T
klk—1
Tklk—1 = \/xak—1*'y%k—14‘z%k—1 (83)
Thije—1 = \/ xilk—l +y}2c|k—l (84)
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EKF for Radar Measurements.
The covariance of the measurement errors in the platform reference frame is given by
Wk H,i 5zk 0 0
COV | wye | = | Hu |MIQES| 0 &% o |QE)TM.[ HT, HE HE |85
Wek Hek 0 0 &zk

where 52,, 52, and 32, are the variances of the measurements in the sensor reference frame and

r Tklk-1 Tklk—12k|k—1 1
Yelk—1 —— 7
Thik—1 Thijk-1
Yk|k—1 Yk|k—12k| k-1
E{ = E with By = | —o—  —Zkko ——'g—l— (86)
Xijk—1=Mi X1+ Lk Tklk—1 TNEk—1
yA —
Zklk—1 0 rhigk—1
L Tklk—1 .
10 6 0 0 O
Q" = o0 1000 (87)
0 00 010
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EKF for Radar Measurements.

When considering the measurements in the u-plane and the v-plane,

h(Xy) Wk
hu(Xk) Wk
Zy = + (88)
hy (X&) Wy
hp(Xy) WDk
where
ur, = measured sine of the angle of the target in the u-plane at time t;
vy = measured sine of the angle of the target in the v-plane at time #;
wek = error in the u; measurement with wy; ~ N(0, rfﬁk)
Wy = error in the vy measurement with wyy ~ N(0,02,)
Tk
hulXe) = e (89)
\/xi + v + 2
Yk
ho(Xp) = —F———= (90)
VTt Yk T 2
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EKF for Radar Measurements'

Covariance of the measurement errors in the platform reference frame is given by

Wrk Hy ok 0 0
COv Whk = Hy NIgQUIf 0 012Lk 0
Wek Hek 0 0 0121k

x (QUSTM.[ HT, HE HY, ] (91)

where 6'3&, aﬁk and ng are variances of the measurements in the antenna aperture and

Us = U (92)
Xijk-1=Mp X1 +Lk
Trlk-1
S Tklk-1 0
Lk|k—-1
Yk|k—-1
U = | — 0 Thik-1 (93)
Thkik—-1
Lklk—1 Tklk—1 Yk|k-1
- Tkik—1 Tkik—1

Tklk—1 2klk—-1 Zklk—1
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Processing Local Measurements'

For local measurements on platform m, the dynamical motion and measurement equations are

given by
X[ = MO FDXE L LI VR (94)
P = hT(XP 4 My P L PTy 4 B+ W (95)
where
Xy target state vector in ENU on platform m at time ¢,
zZy measurement vector at time t; on platform m
Fr constraint on target dynamics at time ¢; on platform m
M ,Z'; ,LTI rotational from ENU on platform m at tx_; to ENU on platform m at time t;
M ;7; ,LDm rotation from deck coordinates of platform m at t;to ENU on platform m at #,
LZ;LT” translation from ENU on platform m at time ¢x_; to ENU on platform m at time ¢
L‘,f{:lpm translation in deck coordinates from ENU on platform m
at txto the sensor frame on platform m at t;
Vit error in the state process for platform m with V", ~ N(0,Q7 ;)
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Processing Local Measurements'

W = measurement errors for platform m with W* ~ N(0, R}")

Il

B residual sensor bias for platform m with Bf* ~ N'(0, RP™)
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Processing Local Measurements'

’ Cm[jn 0
Myt o= pT| TERL S p (96)

kik—1 mim
O3x3 Ckllc—l

where CLTJ‘." denotes the rotation of (21) from ENU on platform n at time ¢; to ENU on
platform m at time ¢, and

m|m
D= (1)

0

D™ (2

klk—1 = 0
m|
Dk!le(g)
0

- J L .

O O = O O O
o =, O O O O
= o O O o O

O O O O O e
S O O O = O
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where DZl’J'" denotes the translation of (22) from ENU on platform n at time t; to ENU on
platform m at time #;.
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Processing Local Measurements'

EKF for the target state estimation on platform m with nonlinear local measurements is given
by

State prediction:

Xi-1 = MIZT/LTlFI:ZIXIT—I!k—I + mel (98)
Py = M;?;lTlFizn—lPlzn—uk—l(M;:T;LTIFﬂl)T+Q7c"~1 (99)
State update with the measurement:
XD = XD +KPZp (100)
Zr = ZP - hM(XTy + ML) (101)
PA:Tk = [I- KLHHEI]PJIqu (102)
K = P (HMTSP)™ (103)
Sit = HPPR.(HD)T + R{™+ RY (104)
Z,{" = filter residuals on platform m at ¢,
HM = %L)({Xl‘l (105)
k X=X _ +MOPTLEET
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’Processing Local Measurements in Deck Frame'

For local measurements in deck coordinates on platform m, the measurement equation becomes

ZPm = KM MoK+ LEPT + B+ W (106)
where
M ,ﬁ:lm = rotational from ENU on platform m at #; to deck coordinates on platform m at t;

For processing the measurements in deck coordinates, the measurement update is given by

Xie = Xlsz—1+Kl?le?m (107)
~>Dm Dm m Dm|m < m Sm|Dm
Zy = Zy"—h (Mk]k X,dk_1 + Lk|k ) (108)
m m rrDmim 5 +Dmimi om
PR, = [I-KP™H, | Mk|k[ 1P—1 (109)
m m Dm|m » s Dm|m Dm|mq—
KP™ = Py (HE™ Mg ™ TS (110)
Dmlm Dmlm ; s PDm|m pm Dm|m 5 fDmim m m
s = g MR (HP™MET™T + RE™ + R (111)
where
mlm OR™(X
pomim O (Xk) (112)
an X, = Dmim v m Sm|Dm
k_Mklk Xk]k—1+Lk1k
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Processing Local Measurements'
The covariance of the measurement errors in ENU for platform m is given by
wm HT? 7, 0 0
COV m - m MSm[m)TQESm|m _9
Wi Hi | (M, k 0 o5 O
wry o 0 0 &%
Sm|m\T » fSm|m m m
< (QB™™TMEI™ | (HR)T (HR)T (HR)T | (113)

where 32,, &2, and &2, are variances of the measurements in the sensor reference frame and

BN = By

(114)

_agSmim Sm|Dm
Xklk—l—MHk Xﬂk-l"'l’kw

with E defined by (86) and @ defined by (87).
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Processing Local Measurements'

For angular measurements in terms of v and v as in (88). the measurement covariance matrix
for range. bearing. and elevation in ENU is given by

wmh m 73, 0 0
mim\7T Sm|m
COV | wp | = | Hp | (M7™ QU™ 0 o2, 0
w i 0 0 ol
Sm|m\T 1 sSm|m m m m -
x (QU ) Mklk [ ( rk)T (ku)T ( ek)T ] (115)

where c"rfk, af‘k, and oﬁk are variances of the measurements in the sensor reference frame and

A i (116)

Sm|Dm

- S
Xk =MPm X LU

kik kik—1

with Uy defined by (93)
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Processing Remote Measurements'

For processing remote measurements from ENU on platform n in ENU on platform m, the
dynamical motion and measurement equations are given by

Xpo= MO FRXT 4 LT+ (117)
Zp = WX + I+ MR IS + GU 4 By Wy (1s)
where
G?™ = residual gridlock bias for ENU on platform n relative

to ENU on platform m with GZ‘I'" ~ N0, Rgnlm)

The exact form of G7'™ and RE™ depends on the method of gridlock (e.g., relative or
k k
absolute).
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Processing Remote Measurements.
EKF for target state estimation in ENU on platform m with with nonlinear remote
measurements in ENU on platform n is given by
State prediction:
XDy = MR XT g+ LT (119)
Py = M FE PRy (M FR )T + QT (120)
State update with the measurement:
Xg, = X,:;k L+ KRz (121)
Zn]m _ _ Mn]me L'n]m Mn|’Dn Sn|Dn
k = ( ke Sklk=1 1 gk ke Lk ) (122)
P, = [I K™ H T M P (123)
K™ = P (H M (ST (124)
spm = HYmMpm e (HPTME™MT 4 RET 4 BT 4+ R (125)
6.Xk | msem n|m n|Dn y SniDn
Xe=M reor Tl TM D
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Processing Remote Measurements in Deck Frame'
For remote measurements in deck coordinates on platform n, the measurement equation
becomes
MP D Sn|D D
ZPr = WMMEETXE + MO LT+ LT 4+ B + MG W (127)
Dn| _ Dn|n 3 sn|lm
Mg ™ = Mkl:anlk (128)
For processing measurements in deck coordinates on platform n, the measurement update is
given by
Xf = Xl + KPR (129)
ZEm = 2 - WM+ ML + ) (130)
Dn Dnim D m
Pl = [[-K; ImHk | k[:l 1Pk (131)
KM = P (BT MO (ST (132
Dn|m Dn|m 'D m Dnlm 5 ¢Dnlm Dn Gn|lm Dn|n\T
Sy "= H k|l:l[ Py 1 (Hy | Mk|k‘ )T+ RanuklnR | (M, {kl )T + R{L33)
Oh™{(Xy)
H'Dn|m — 134
k Xy (134)

_agfPnim ¢ m Dn|n n|m Sn|Dn
Xk—MkUc Xk]k 1+Mk|k Lk1k Lklk
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Processing Time-Delayed, Out-of-Sequence Measurements'

Processing the time-delayed, out-of-sequence measurement Z_; is given by

State update with the measurement:

Xk = Xigik—1 + Kio1[Zr—1 — ROF " (Xijppe—r — QuHT ST Z1))] (135)
Pur = [I = Kp—1Hy1Fy Y Poypior + K1 Hio FO1Qu(I — K Hy)T (136)
Kt = [Puip-1 = (I = Ke Ho) Qul(Hi F YT S - (137)
Skor = HeaFo Y Pogeor — (I — K Hi)Qr — Qu(I — KnHy)T + Qi
— QuHISTYHW Qi) (He o FTYDT + Ry (138)
where
K; = Kalman gain at #;
Zk = filter residuals at ;.
S = covariance of the residuals at ¢
H; = linearized output matrix at tx
Hy,_, = linearized output matrix at £5_;

Note that 5 = tx — tx_1 is positive in the definition of Fy and Qy as specified by (58) and (59).
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Interacting Multiple Model (IMM) Estimator'

The dynamical motion and measurement equations for system with Markovian switching
coefficicnts and nonlinear measurements arc given by

Xer1 = Fi(Ori1)Xe + Vi(Or41) (139)
Zy = h(f, Xi) + Wy (140)
where 6§}, is a finite-state Markov chain taking values in {1,..., N} according to the transition

probabilities p;; of switching from mode ¢ to mode j, and
EVi(Or+1 = ))V,T (Brs1 = 9)] = Qi (frq1 = ).
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Figure 11: IMM estimator with two modes
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fConcluding Remarks'

o Multiplatform-Multisensor Data Association

¢ Track Management

|

Split or Diveraging Tracks

Track Swaps
Track Deletion

|

Deleting Redundant Tracks

Track Number Management

o Multisensor Resource Allocation




REPORT DOCUMENTATION PAGE o m Approved

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 Washington Headquarters Services, Directorate for Information Operations and
Reports, 1215 Jefferson Davis Highway, Suite 1204, Arlington, VA 22202-4302, and to the Office of Management and Budget, Paperwork Reduction Project (0704-0188),
Washington, DC 20503. :

1. AGENCY USE ONLY (Leave blank) 2. REPORT DATE 3. REPORT TYPE AND DATES COVERED
October 12, 2000 Annual Report, Oct. 1999 — Sept. 2000
% TITLE AND SUBTITLE 5. FUNDING NUMBERS
Information-Based Multisensor Detection: Grant
Progress Report for October 1998 through September 1999 N00014-99-1-0084

8. AUTHOR(S)

William Dale Blair
7. PERFORMING ORGANIZATION NAME(S) AND ADDRESS(ES) 8. PERFORMING ORGANIZATION
Georgia Institute of Technology REPORT NUMBER
Georgia Tech Research Institute
£ Annual Report

Atlanta, GA 30332-0800
GTRI A-5858 (2)

9. SPONSORING/MONITORING AGENCY NAME(S) AND ADDRESS(ES) 10. SPONSORING/MONITORING
AGENCY REPORT NUMBER

Office of Naval Research
800 North Quincy Street
Arlington, Virginia 22217-5660

11. SUPPLEMENTARY NOTES

12a. DISTRIBUTION/AVAILABILITY STATEMENT 12b. DISTRIBUTION CODE
Approved for Public Release

13. ABSTRACT (Maximum 200 words)

This program addresses the Navy need for extended firm track range for low altitude cruise
missiles through the integration of multiple sensors. Track-Before-Declare (TBD) techniques
that utilize signal features are proposed for the synergistic integration of an Electronically
Scanned Array (ESA) radar with other sensors for the detection of weak targets. The computer
simulation models of the sensors will include the effects of many issues such as finite sensor
resolution, limitations on the sensor resources, atmospheric refraction, sensor pointing errors,
sea-surface induced multipath, nonhomogeneous clutter, sea clutter, etc. that are omitted in most
of the legacy simulations. The two primary accomplishments for the first year of this program
were the development of a phased array radar model with search and track management
functions for multiple targets as well as the development of a sea-clutter model with moving
target indictor (MTI) waveform designs.

14. SUBJECT TERMS 15. NUMBER OF PAGES
Target Tracking, Radar Systems, Modeling and Simulation, 97
Sea Clutter Modeling, Multisensor Integration 16. PRICE CODE
17. SECURITY CLASSIFICATION 18. SECURITY CLASSIFICATION 19. SECURITY CLASSIFICATION 20. LIMITATION
OF REPORT OF THIS PAGE OF ABSTRACT OF ABSTRACT
Unclassified Unclassified Unclassified UL
NSN 7540-01-280-5500 Standard Form 298 (Rev. 2-89)

Prescribed by ANSI Std. Z-39-18
298-102




