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Abstract— The goal of this research is to add auto-
matic target recognition (ATR) capabilities to existing
passive radar systems. We do so by comparing the radar
cross section (RCS) of detected targets to the precom-
puted RCS of known targets in the target class. The
precomputed RCS of the targets comprising the target
class is modeled using a multi-step process involving pro-
grams such as the Fast Illinois Solver Code (FISC), Ad-
vanced Refractive Effects Prediction System (AREPS),
and Numerical Electromagnetic Code (NEC2). A Ri-
cian likelihood model compares the power profile of the
detected target to the precomputed power profiles of
the targets in the target class; this comparison results
in target identification.

Thus far, the results of simulations are encouraging, in-
dicating that the algorithm correctly identifies aircraft
with high probability at the anticipated noise levels.
Performance can be expected to decline as the noise
power surpasses the maximum signal power.

i. Introduction

Two parallel schools of thought dominate the litera-
ture regarding the recognition of fast-moving fixed-wing
aircraft. The first proposes a two-step approach to
the problem. Target images are created, such as two-
dimensional inverse synthetic aperture radar (ISAR) im-
ages or a sequence of one-dimensional range profiles [1].
Target recognition is then conducted using these images.
The alternate approach has been to bypass the creation
of images and attempt recognition directly from the re-
ceived data. Herman [2], [3] takes this second approach
to automatic target recognition (ATR), using data ob-
tained from a passive radar system.

Although ATR has been a subject of much research,
Herman’s application of passive radar was innovative.
Unlike traditional radar systems, passive radar systems
bypass the need for dedicated transmitters by exploit-
ing “illuminators of opportunity” such as commercial
television and FM radio signals. In doing so, they are
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able to reap a number of benefits. Most notably, the
fact that passive radar systems do not emit energy ren-
ders them covert. An additional benefit is that the il-
luminators of opportunity often operate at much lower
frequencies than their traditional counterparts. These
low-frequency signals are well-suited for ATR [4], [5],
[6].

ii. Approach

The primary goal of this research is to add ATR ca-
pabilities to existing passive radar systems, using RCS
as the key information for classification. Since RCS is
highly aspect-dependent, accurate estimation of target
orientation is crucial. Herman [2], [3] met this chal-
lenge with a computationally intensive particle filter [7],
which jointly estimated target position, orientation, and
target type. This paper seeks a less computationally in-
tensive approach. The positions and velocities estimated
by the existing passive radar system are considered to
be “true.” They are then exploited by a coordinated
flight model [8], [9] to estimate aircraft orientation.

A database of Fast Illinois Solver Code (FISC) results
is created for each aircraft in the target class. This
database is accessed using the aircraft orientations es-
timated by the coordinated flight model. This results
in a set of power profiles simulating those that would
arrive at the receiver if the aircraft in the target class
were executing the maneuver. These profiles are then
scaled for propagation losses and antenna gain of the
receiver using the Advanced Refractive Effects Predic-
tion System (AREPS) and Numerical Electromagnetic
Code (NEC2), respectively. Finally, the profiles corre-
sponding to members of the target class are compared
to the profile of the actual target, resulting in target
identification.

A secondary goal of this research is to model a system
currently being developed by NATO/NC3A with the in-
tent of an eventual comparison with real data. At this
time, though, the research is purely simulation-based.
It is worth noting that the aircraft comprising the tar-
get class have been chosen based upon the availability of



acceptable CAD models, rather than likelihood of occur-
rence near the NATO/NC3A system. This will change
as a comparison with real data draws near. In the mean-
time, the target class is comprised of the F-15, T-38A,
Falcon-20, and Falcon-100.

iii. Modeling Target RCS

Given that target RCS is the sole factor used to classify
the aircraft, its accurate representation is paramount.
This task is not trivial, as RCS is heavily dependent
upon the incident and observed angles, which in turn are
dependent upon the yaw, heading, pitch, and roll of the
aircraft. Our response to this challenge implements a
coordinated flight model to estimate these angles, given
a set of time-correlated aircraft positions. This process
is described at length in other sources [8], [9]; thus, only
the results will be presented here.

Since this research is primarily concerned with fast-
moving fixed-wing aircraft, yaw is always assumed to be
zero. Aircraft heading, a far more revealing parameter,
is expressed as,

ξ =

{

90 − arctan( vY

vX

), x > 0

270 − arctan( vY

vX

), x < 0
, (1)

where vX and vY are the x and y components of air-
craft velocity. The equation of pitch also follows from
the assumption that the aircraft nose is pointed in the
direction of motion, and is expressed as,

θ = arctan

(

dz
√

dx2 + dy2

)

, (2)

where (dx, dy, dz) is the difference in aircraft position in
the x, y, and z directions over an incremental period of
time, dt. Finally, the aircraft roll is estimated as,

φ = arctan

(

|v|2 cos(θ)

Rg

)

, (3)

where |v| is the magnitude of the aircraft velocity, R

is the instantaneous radius of curvature of the aircraft
turn, and g is the standard gravity at Earth’s surface.

The estimated aircraft orientation angles are appended
to the aircraft positions, creating a supplemented flight
profile. This supplemented flight profile is then used
to determine the incident and observed angles at every
point during the encounter. These angles allow us to
access a database of FISC results, which are available
for each aircraft in the target class. A set of power pro-
files are created when data is extracted from the RCS
database. Additional scaling is required to make these
power profiles represent the signals arriving at the re-
ceiver due to the illuminated targets. Some significant
factors that must be considered are propagation losses

between the aircraft and antennas, and antenna gain.
The propagation losses, which include effects due to mul-
tipath, are modeled using AREPS. As is likely to be the
case for most passive radar applications, the transmit-
ting antenna exploited by the NATO/NC3A system is
omni-directional. Thus, the only antenna gain pattern
that must be modeled corresponds to the receiver; this
modeling is accomplished with NEC2. The overall re-
sult of this process is a power profile that is scaled to
account for propagation losses and antenna gain.

Until real data is available from the NATO/NC3A sys-
tem, it is also necessary to simulate the detected target
power profiles. First, the simulation is run with the real
aircraft orientations used in place of the estimated ones.
These power profiles are then corrupted with additive
white Gaussian noise, which acts independently on the
real and imaginary parts of the signal. Along these lines,
the simulated profile arriving at the receiver is expressed
as,

PSIM = (
√

PR + wR)2 + w2

I , (4)

where PR is the real component of the power profile
prior to being corrupted by noise, and w is zero-mean
additive white Gaussian noise, which has real and imag-
inary components, wR and wI [3]. The noise power is
computed in dBW using,

PN =
kT0NF

CPI
, (5)

where k is Boltzmann’s constant, T0 is temperature in
Kelvin, NF is the unitless noise figure, and CPI is the co-
herent processing interval of the system [10]. To match
the NATO/NC3A system, the CPI is set equal to 0.5
seconds, and T0 is set equal to 290 K.

Selection of the noise figure, NF , is more difficult. If
the noise figure is only expected to account for thermal
noise and out-of-band interference, then a conservative
estimate of the noise figure in a city environment might
be 30 dB. To be thorough, the noise figure is swept over
a range of values, allowing us to quantify system perfor-
mance as a function of noise power. The noise figures
used in this paper range from 30 dB to 100 dB in incre-
ments of 5 dB. Note that noise figures above 30 dB are
not expected to occur in a real setting; they are merely
included in this paper to demonstrate the breaking point
of the algorithm.

Thus far, the issue of transmitter interference has been
neglected. Typically, this direct path interference man-
ifests itself as a spike in the cross-ambiguity function.
Since the transmitter’s power and location are known,
and since the direct path interference spike occurs along
the axis with zero velocity, this spike can usually be
identified and removed. The more treacherous effect of
transmitter interference is that is can raise the “thumb-
tack” noise floor of the ambiguity function, potentially



masking the target spike. To be thorough, this should
also be considered when computing the noise figure.

If the ambiguity function is normalized such that the
direct path spike has unit height, then the average
pedestal height, or sideband power, is given by

Ppedestal =
1

B × CPI
, (6)

where B is the signal bandwidth, and CPI is the coher-
ent processing interval [11]. To match the NATO/NC3A
system, values of 45 kHz and 0.5 seconds are used for B

and CPI, respectively.

If propagation losses and antenna gain are neglected,
the pedestal power is 44 dBW below the direct-path
spike. Since the NATO/NC3A transmitter power is
50 dBW, the sideband power is 6 dBW. Propagation
losses and antenna gain play a significant role, lower-
ing the pedestal power by 95 dBW. The electronics in
the receiver of the NATO/NC3A system also mitigate
the problem by suppressing the direct path signal by 70
dBW, which reduces the sideband power to -159 dBW.
More sophisticated filters could be implemented to fur-
ther reduce the noise figure, but using the specifications
of the system being modeled, the effective noise figure
falls between 40 and 45 dB. Thus, the effects due to
transmitter interference are far more significant than
those due to thermal noise and out-of-band interference.

This underscores an important point. In the interest of
gauging the algorithm’s performance in the presence of
noise, the results presented in Section V correspond to a
broad range of noise figures. When reading that section,
it is imperative to recall that the anticipated noise figure
in the real system is only 40 dB.

iv. Target Identification

A set of detected target profiles is created for each air-
craft in the target class. The automatic target rec-
ognizer compares these noisy profiles to the library of
precomputed, noise-free profiles. Equation 4 leads to
a Rician likelihood model [3] whose probability density
function is given by

px(x) =
x

σ2
w

e

(

x
2+s

2

2σ2
w

)

I0

[

xs

σ2
w

]

. (7)

To apply the Rician, associate x with the profile from the
detected target, and s with the precomputed, noise-free
profile. The noise power, which equals the noise vari-
ance, is then equated with σ2

w. If each point in time is
considered an independent sample from a process, then

the data loglikelihood is

ln(px(x̄)) =
n
∑

i=1

ln

(

I0

[
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σ2
w

])

−

(

x2

i + s2

i

2σ2
w

)

. (8)

Loglikelihoods are computed for each member of the tar-
get class; the target is identified as the member of the
target class with the largest loglikelihood [12].

v. Results

A flight profile recorded on-board a maneuvering F-15
at Edwards Air Force Base1 is used to provide a realis-
tic test of the algorithm. The Edwards trajectory came
complete with measured aircraft orientation, allowing a
unique opportunity to quantify the performance degra-
dation induced by the coordinated flight model. First,
the algorithm is executed with the real aircraft orien-
tation angles used in place of the ones estimated by
the coordinated flight model. This serves as a base-
line for comparison. Next, the simulation is run using
the estimated aircraft orientation angles. A third test is
conducted in which the aircraft position is errantly es-
timated to be 300 m north and 300 m west of its actual
location. This gauges performance degradation due to
errors in the position estimates.

The aircraft remains in the receiver’s main lobe through-
out each engagement, and is located approximately 79
km from the transmitter and 25 km from the receiver.
During the maneuver, the target changes altitudes and
executes turns with varying degrees of curvature. This
maneuver is shown in Figure 1 from both 3-D and 2-D
perspectives.

The approach described in Section III is implemented;
the noise figure is swept from 30 dB to 100 dB, in incre-
ments of 5 dB, to gauge performance degradation of the
algorithm as a function of noise level. One-hundred runs
are executed using each aircraft as the detected target,
for each noise figure. The percentage of incorrect identi-
fications (probability of error) obtained for the F-15 un-
der the three sets of tests are shown in Figure 2b. This
data is obtained from a set of Monte Carlo runs; thus
the jumps in the curves are artificial and are expected
to smooth out as the number of samples increase.

The power profiles generated for the F-15 under the
three different tests are shown in Figure 2a. Although
the power profiles show some marked deviations when
the orientation angles are estimated and when the posi-
tion errors are included, the probability of error curves
corresponding to the three tests are remarkably similar.
In fact, there seems to be little degradation in perfor-
mance due to using the coordinated flight model, even in

1The F-15C trajectory was obtained from the Joint Helmet Cu-
ing System, Mission JH-16, conducted by the 445th Flight Test
Squadron at Edwards Air Force Base in May 2000.
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Figure 1. F-15 maneuver: a) 3-D view (left), b) top
view (right).
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Figure 2. F-15 executing the Edwards trajectory: a)
power profiles (left), b) probability of error (right).
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Figure 3. T-38A executing the Edwards trajectory: a)
power profiles (left), b) probability of error (right).
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Figure 4. Falcon-100 executing the Edwards trajec-
tory: a) power profiles (left), b) probability of error
(right).
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Figure 5. Falcon-20 executing the Edwards trajectory:
a) power profiles (left), b) probability of error (right).

the presence of position errors. This is also true for the
T-38 and Falcon-100, whose plots are shown in Figures
3 and 4, respectively.

The only aircraft for which degradation in performance
is noted is the Falcon-20. Even in this case, the perfor-
mance is nearly identical when the estimated orientation
angles are substituted for the actual ones. The only per-
formance degradation occurs when the errant positions
are used to estimate the orientation angles. The power
profiles and probability of error plots for the Falcon-20
appear in Figure 5. Note that in every one of these sim-
ulations, the algorithm performs extremely well at the
anticipated noise figure of 40 dB.

Confusion matrices are tabulated to provide insight into
the nature of the algorithm’s errors. The confusion ma-
trices obtained with a noise figure of 65 dB are shown in
Tables 1 through 3. The aircraft listed in the first col-
umn correspond to the aircraft detected by the receiver.
The aircraft listed across the top row pertain to the air-
craft identified by the algorithm. To get a better sense
of the differences in algorithm performance between the
three tests, we computed the percentage of total errors.
For a noise figure of 65 dB, the algorithm is correct 75%
of the time when the orientation angles are known, 69%
of the time when the orientation angles are estimated
from correct positions, and 64% of the time when incor-
rect position estimates are used.

Table 1. Confusion matrix for the Edwards trajectory
with noise figure = 65 dB, using real orientation angles.

Aircraft F-15 T-38A Falcon-20 Falcon-100

F-15 82 8 0 10
T-38A 13 64 2 21

Falcon-20 0 3 95 2
Falcon-100 17 21 2 60

Table 2. Confusion matrix for the Edwards
trajectory with noise figure = 65 dB, using estimated

orientation angles.

Aircraft F-15 T-38A Falcon-20 Falcon-100

F-15 72 14 1 13
T-38A 16 59 5 20

Falcon-20 0 3 96 1
Falcon-100 15 29 6 50

vi. Summary

Passive radar is an emerging technology that is only be-
ginning to be exploited by the scientific community. The
addition of ATR capabilities can only enhance the effec-
tiveness of these systems. While this task was attempted
by Herman with a particle filtering scheme, the major



Table 3. Confusion matrix for the Edwards
trajectory with noise figure = 65 dB, using incorrect

position estimates.

Aircraft F-15 T-38A Falcon-20 Falcon-100

F-15 85 6 0 9
T-38A 25 55 0 20

Falcon-20 0 15 67 18
Falcon-100 25 27 0 48

contribution of this paper is that it demonstrates that
good results are often possible with a simpler approach.

In this case, we are able to show via simulations that
excellent ATR results are possible at the anticipated
noise levels, through the coupling of a coordinated flight
model and RCS database. The ATR performance de-
grades as the noise level increases, indicating that the
algorithm would be less successful identifying aircraft
that are not sufficiently within the receiver’s main lobe,
or that are not sufficiently close in range to the receiver.
The range required to generate sufficient SNR for re-
liable identification is dependent upon the target type
and orientation.

It is worth noting that preliminary findings using the
same maneuver and horizontally polarized transmitters
and receivers are not as encouraging. Future work will
address the derivation of performance bounds for both
cases, and will seek a more robust classification algo-
rithm by jointly estimating target type and orientation.
Additional plans for future work include expansion of
the FISC database via sparse sampling techniques.
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