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Abstract

In this paper, a novel algorithm is presented for warhead recognition in the defense

of ballistic missiles. The range profiles from the warheads of interest in typical illumi-
nation directions form a dataset. First, each range profile in the dataset is compared

to the range profile of the target under observation, and the most similar range profile
is found. Then, the observed target is considered as a warhead if the deviation of its
range profile from the most similar range profile is less than or equal to a threshold. The
threshold is chosen such that the detection rate is a constant. The simulation results
verify the effectiveness of the proposed algorithm. Since the threshold is automati-
cally calculated according to the detection rate, this algorithm has a larger applicability
than the current methods based on range-profile matching.

Keywords: Radar signal processing, Radar target recognition, Range-profile matching,
Recognition threshold

1 Introduction

With the development of ballistic missile technology, the threat of ballistic missiles
becomes more and more severe in modern wars, and the defense of ballistic missiles is
therefore getting more and more important. Ballistic missile defense requires a warning
time as long as possible, accurate trajectory computation, accurate intercept control, and
timely effect assessment. However, according to a penetration technology, ballistic mis-
sile may release not only warheads, but also decoys in its midcourse, which makes its
defense become very difficult [1-5]. The effective recognition of warheads from decoys
thus has to be handled in the defense of ballistic missiles and has become a most chal-
lenging problem in ballistic missile defense systems.

The features in radar cross section (RCS), shape, micro-motion, etc., can be used to
recognize warheads from decoys. Simple decoys, like spheres and fragments, may be
excluded according to their features in RCS [6] and shape. High-imitation decoys may be
excluded according to their micro-motion features because high-imitation decoys have
different masses and mass distributions and thus different micro-motion features from
warheads [7-9].

The features of a target can be extracted from its echo energy, range profile, inverse syn-
thetic aperture radar (ISAR) image or interferometric ISAR (InISAR) image. Since it cannot
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reflect the shape features of the target, the echo energy is unfit for warhead recognition.
ISAR can generate the two-dimensional image of the target. It uses a wideband technique
to achieve fine range resolution and utilizes the rotation of the target relative to the radar
boresight to achieve fine azimuth resolution. Furthermore, InISAR can generate the three-
dimensional image of the target, where the third-dimension information is extracted from
the interferometric phase of the ISAR images from different channels [10]. Theoretically,
an ISAR or InISAR image can describe the shape features of the target. However, it also has
quite a few limitations in warhead recognition [11]. On one hand, the imaging algorithms
are not reliable enough. On the other hand, even if the imaging algorithms are perfect, the
imaging of the target still requires rotation of the target relative to the radar boresight. In
contrast, with the widespread application of wideband radars, the range profile is becom-
ing a feasible and reliable option for warhead recognition [12—14]. The range profile can
be obtained accurately in real time and reflect the projection of the target in range [15, 16].

The range-profile matching is a simple but effective method for warhead recognition. A
target is regarded as a warhead if the similarity of its range profile to the one of a warhead
is larger than a threshold. There are many methods to measure the similarity between two
range profiles, such as correlation coefficient, exponent coefficient [17, 18]. However, tradi-
tionally, the threshold is chosen empirically [19] and has to be chosen again if the observa-
tion condition changes.

In this paper, we present an algorithm for warhead recognition by the range-profile
matching. The range profiles from the warheads of interest in typical illumination direc-
tions form a dataset. Each range profile in the dataset is compared to the range profile of
the target under observation, and the most similar range profile is found. The target is con-
sidered as a warhead if the deviation of its range profile from the most similar range profile
is less than or equal to a threshold. For warhead recognition, the probability distribution of
the deviation is unpredictable for decoys but stable for warheads, and therefore, the thresh-
old is chosen such that the detection rate is a constant. Since the threshold is automatically
calculated according to the detection rate, this algorithm has a larger applicability than the
current methods based on range-profile matching. Preliminary results of this work have
been given in [20].

2 Range-profile matching
In order to recognize warheads by the range-profile matching, a dataset needs to be set
up. Depending the implementation conditions, this dataset can be set up by field experi-
ments, experiments in anechoic chambers or computer simulation. This dataset consists
of the range profiles from the warheads of interest in typical illumination directions. In the
proposed algorithm, first, each range profile in the dataset is compared to the range profile
of the target under observation, and the most similar range profile is found.

The normalized maximum correlation is used to measure the similarity between two
range profiles. Assume that x(n) is the range profile of the target, and s () is the k-th range
profile in the dataset. The correlation function of x(#) with s () is defined as

e o]

em) =" x(m)s(n — m), (1)
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where m is the shift of s; (7). The normalized maximum correlation of x(#) with s; (n) is
defined as

max [ry ()]

e \/fo’:_oo x2(n) \/Zf,i_oo sz(n) .

Evidently, Ry can be used to measure the similarity between x(#) and s ().

The range profile with the largest R; among all the range profiles in the dataset is the
most similar to the range profile of the target. It will be used to determine whether the tar-
get is a warhead.

3 Recognition based on deviation

The target is regarded as a warhead if the deviation of its range profile from the most simi-
lar range profile in the dataset is less than or equal to a threshold. The definition and the
threshold of the deviation will be given in this section. For a radar recognition system, the
false alarm rate is also an important parameter that must be discussed. The false alarm rate
here is defined as the probability that a non-warhead target is misjudged as a warhead. And
the calculation derivation of the false alarm rate will also be given in this section.

3.1 Definition of deviation

Assume that x(#) is the range profile of the target, and s(#) is the most similar range pro-
file in the dataset. Here, s(#) has been shifted such that its correlation function with x(#) is
maximized. Moreover, x(n) and s(#) are limited to a proper interval 1 < n < N. The devia-
tion of x(#2) from s(#) is defined as

D= > d2, 3)

where d, is the difference between the normalized range profile of the target and the
normalized range profile in the dataset:

x(n) s(n)

d, = — .
VI 2w Y 2m

(4)

Actually, the deviation is the norm of the difference between the unitized x(n) and the
unitized s(#).
D can be written as

D=+2—-2R, (5)

where R is the normalized correlation of x(n) with s(n), i.e.,

Re e OS]
VIV 2y /Y, 2
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Equation (5) implies that D and R are equivalent in determining whether the target
is a warhead. The target can be regarded as a warhead if R is larger than or equal to a
corresponding threshold. Equivalently, the target can be regarded as a warhead if D is
less than or equal to a threshold. Nonetheless, it is significant to introduce D because a
method can thus be developed to choose the threshold automatically, as will be shown

next.

3.2 Threshold of deviation

For warhead recognition, since the probability distribution of the deviation is unpre-
dictable for decoys but stable for warheads, the threshold can be chosen such that the
detection rate is a constant. We call this method the constant detection rate (CDR)
method, in contrast with the constant false alarm rate (CFAR) method [21] in the
detection theory.

Let x, (1), x,(n), s,,(n) and s, (n) be the signal in x(x), the noise in x(n), the signal in
s(n) and the noise in s(n), respectively. It should be noted that if the dataset is set up by
computer simulation, s, (#) can be set as 0. However, in practice, there is unavoidable
noise in s(#), and thus, s, (n) is not 0. If the signal-to-noise ratios (SNRs) of x(#) and s(#)

are high enough, Eq. (4) can be written as

4 %u(m) +200(m)  su(1) + s0(n)

SN we S sk

(7)

In this article, the SNR is defined as the ratio of the total energy of the signal to the total
energy of the noise. Let x(#) be a range profile of a warhead and s(#) be its corresponding
range profile in the dataset. Then, since the signals are canceled, i.e.,

x,(n) su(m)

VL e S

Equation (7) can be written as

d. — xy (1) B sy(n) .
VI 2w Y 2 ©)
The standard deviation of d,, is
var[xy, ()] n var(s, (n)] 2cov[xy (1), sy (1)]
- - : 10
2{1\;1 x5, (n) qu\;l 53, (n) \/2le x2 (n) \/22;1 52 (n) (10)
xy,(n) and s, (n) are independent generally, and thus, Eq. (10) can be written as
var[x,(n)] var(s,(1)]
(11)

Ve 2m S 2o

Assume that x, (n) and s, (n) are 0-mean. Then, d,, is also 0-mean. In addition, Eq. (11)

can be written as
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where SNRy and SNR; are the SNRs of x(n) and s(n), respectively. Further, assume that

di,ds, .. .,dy are independent Gaussian random variables. Then, the probability density
function of dy, do, . . ., dn is [22]
1 1 L,
f(dy,dy, ...dn) = ———— exp ~>-3 > dy). (13)
(\/ 27w) Sd—

Let T be the threshold. Then, the detection rate (the probability that the warhead is
regarded as a warhead) is the probability that the deviation of the warhead is less than or
equal to 7. According to Eq. (13), the detection rate can be written as

P, / 1 exp( 1 S d2>dv
d = S E—— - E " )
& (\/EG)N 202 n=1 (14)

where Q is a hypersphere given by

N
y d:<T. (15)
n=1

By choosing the probability between the hyper spherical surface with the radius r and
the hyper spherical surface with the radius r + dr as the integral element, Eq. (14) is con-
verted into

T 1 rZ
P, = / — exp (—)SN(r)dr.
0 <\/2na)N 202 (16)

where Sy (7) is the area of the N-dimensional hyper spherical surface with the radius r.
According to [23], Sy (7) is given by

o N/2,N-1

N = T gy

(17)

and thus, Eq. (16) is written as

T N-1 2
Jo 2N72—107\1 €xp (_217)6"’” (18)
Fa= Jo© e teN/2-1de '

Lettingr = o (2t)'/2 in the numerator of Eq. (18), one obtains

fTZ/(%Z) e—tN/2-1g¢
Py="0 _ . (19)
Jo e teN/2-1dt

By the lower incomplete gamma function, Eq. (19) is written as

Page 5 of 18
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N T2
P;=T, 7257 ) (20)

where I', (-) represents the lower incomplete gamma function, i.e.,

% a—1,—t
Jo t¥tetdt

D =S T

(21)

By the inverse incomplete gamma function, T can also be written in terms of Py, i.e.,

/ N
T =042l <2,Pd> . (22)

So, for a specified Py, T can be calculated by Eq. (22). Since the threshold is automati-
cally calculated according to the detection rate, this algorithm has a larger applicability
than the current methods based on range-profile matching.

Figure 1 shows the relation of T to P; under different SNRy’s. For the same SNRy, when
P, increases, T increases. This also causes the false alarm rate to increase actually. Simi-
larly, for the same P;, when SNRy increases, T decreases. This will cause the false alarm
rate to decrease. The false alarm rate is the probability of misjudging a non-warhead tar-
get as a warhead. In practice, multiple range-profile matching can also be used to reduce
the false alarm rate.

3.3 False alarm rate

For a radar recognition system, the false alarm rate is also an important parameter that
must be discussed. Here, the false alarm rate is defined as the probability that a non-war-
head target is misjudged as a warhead. When the SNR is very low, the threshold may be
very high, and thus, the false alarm rate may be very high. In such a case, the algorithm is
unreliable and cannot be used anymore.

Fig. 1 Threshold versus detection rate under different SNRy's (N=26)
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Assume that x(n) and s(») are the range profiles of the non-warhead target and the war-
head, respectively. They are limited to interval 1 < n < N. The normalized correlation of
x(n) with s(n) is defined as

R= ﬁ[: [x(m)3(n)], (23)
n=1
where
x(n) :\/%, (24)
§(n) =——)

Voo @

x(n) is considered to conform to the Rayleigh distribution, i.e., it has the probability den-
sity function

x =

fx(x) = —e 2%, x> 0. (26)
o

This is derived from the assumption that the real part and the imaginary part of the
complex range profile are independent Gaussian random variables with the mean 0 and
the standard deviation o [24]. It can be shown that the mean, the mean square, and the
variance of x(n) are, respectively,

E(X) =\/§0, (27)

E(X?) =202, (28)

4 —
5 752, (29)

V(X) =

The norm of x(n), €, can be expressed as

N N
e= Y «*m=|N- %ZxZ(n) = /N -E(X2) = 6+/2N, (30)
n=1 n=1

where x(n) is assumed to be ergodic. So, the mean, the mean square, and the variance of
x(n) are, respectively,
EX)  JEo 1 [x

= = —1\/ = 31
€ ov2N 2V N 3D

EX) =
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E(X?) _ES 2t 1
g2 (O’\/W)Z N (32)
_ DX 4oz 52 1
v PO 2 ——(1—%) 33)

&2 (Gm)Z "N

Similarly, it can be shown that the mean, the mean square, and the variance of s(n) are,

respectively,
E(S) :% \/z , (34)
E(5%) =%, (35)
V) =% (1 - %) (36)

Assume that x(n) and s(n) are independent. Then, the mean, the mean square, and the
variance of x(n)5(n) are, respectively,

E(XS) =ER)ES) = =

- o - 1
E(X28?%) =E(X*E(S*) = e (38)
2
V(XS) =E(X25%) — [EXD)]” = 1\% (1 = 71T6> (39)

According to the central limit theorem, roughly, R conforms to the Gaussian distribution
and has the probability density function

1 (R — np)*
R = e )
IO = oo ex"( 2072 ) o)
where
g =E(R) = N - E(XS) = %, (41)
V(R =N - VXS = (1 —_ ”2> 42
or =V(R) =N-VESH = Z(1- 7). (®2)

In our algorithm, the false alarm rate is the probability of D < T for a non-warhead tar-
get. Substituting Eq. (5) into this inequality, we obtain R > 1 — T2/2. Thus, the false
alarm rate is also the probability of R > 1 — T'?/2 for a non-warhead target, i.e.,

Page 8 of 18
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Py = /1 e f(R)dR. (43)

Equation (43), along with Eqgs. (40), (41), and (42), can be used to calculate the false
alarm rate and determine the reliability of the algorithm although they are derived based
on some assumptions. The algorithm is considered to be unreliable and cannot be used
anymore when the false alarm rate is high enough.

4 Simulation results and analyses

Simulated range profiles are used to test our algorithm. The data obtained through com-
puter simulation have practical significance as well. Many radar systems for ballistic mis-
sile defense operate in the X-band, i.e., the central frequency is 8-12 GHz. So, we choose
10 GHz as the central frequency in the simulation. The bandwidth determines the range
resolution of the radar. The range resolution of the radar is ¢/(2B) [16], where c is the
speed of the light, and B is the bandwidth. We choose a bandwidth of 1 GHz and the
corresponding range resolution is about 0.15 meter, which can well show the structural
characteristics of a typical warhead. The frequency interval determines the length of the
range profile. The length of the range profile is ¢/(2A), where A is the frequency interval.
We choose the frequency interval as 5 MHz, and the corresponding length of the range
profile is 30 m.

The range profile of a target is simulated in two steps [25]. In the first step, a software
for electromagnetic calculation, the CST Microwave Studio [26], is used to simulate the
frequency response of the target. The VV polarization is adopted, and 201 frequencies,
from 9.5 to 10.5 GHz with a 5 MHz interval, are chosen. In the second step, the range
profile is calculated from the frequency response. First, the frequency response is multi-
plied by a Hamming window, shifted to the baseband, extended with a 256-point period,
and limited to the indexes from 0 to 255. Then, the resulting sequence is used to find the
range profile by the inverse fast Fourier transform (IFFT) [27] and a 128-point circular
shift.

4.1 Dataset
A dataset, which consists of the range profiles from a warhead in typical illumination
directions, is built to test our algorithm.

The shape of the simulated warhead is shown in Fig. 2. In practice, a warhead is gen-
erally cone-like [28—30]. The radius of the cone bottom d is 0.25 m. The height of the
cone # is 1.5 m. The radius of the spherical crown p is 0.05 m. The coordinate system
is selected so that the origin is situated at the centroid of the cone, and the z-axis is
directed up the axis of the cone. Thus, the distance between the xy-plane and the cone
bottom [ is 0.375 m. M is the top of the warhead. P and Q are the intersections between
the bottom circle of the warhead and the plane determined by the axis of the warhead
and the line of sight (LOS) of the radar. Assumed that the surface of the warhead has a
perfect electric conductivity.

Ballistic missile defense systems generally provide the defense against incoming war-
heads. In this case, y, the angle between the axis of the warhead and the LOS of the radar
is an acute angle. In practice, y is generally between 10° to 70°. Thus, we set y from 10° to
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Fig. 2 The structure of the warhead target

0 5 10 15 20 25 30
Range(m)
Fig. 3 Range profiles of warhead at different angles

70° to reduce the pressure of the range-profile matching. Since the range profile is very
sensitive to y [31], the increment of y is set to 0.1°.

Figure 3 shows the range profiles in the dataset. We can see that in typical illumination
directions, the range profile of the warhead has two peaks. This is a significant feature
of the range profile. Theoretically, the two peaks result from two strong scatters on the
warhead, M and Q, and the distance between the two peaks is close to the projection of
MQ on the LOS of the radar.

4.2 Recognition of Warhead

The range profile of the warhead with y = 30° and SNR4=5 is used to test our algorithm.
In all the simulations, the white Gaussian noise is used. The detection rate P, is set to
0.9, and the threshold T is thus found to be 0.16694. Due to the noise, the most similar
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range profile is found to be the range profile with y = 29.6°. The target is regarded as a
warhead because D, the deviation of its range profile from the most similar range profile,
is 0.1137, less than the threshold 7. In addition, according to the discussion in Sect. 3.3,
the false alarm rate is 1.5768 x 10™%2, a very low level. It can be seen that the proposed
algorithm can recognize the warhead target correctly.

More experiments are carried out with the same y and SNRy but different noises. The
detection rate P is still set to 0.9. Figure 4 shows the difference between the y of the
most similar range profile and the true y in 300 experiments. From the figure, one can
see that most errors fall between £0.75°. Figure 5 depicts the variation of P; with the
number of experiments, from which one can see that as the number of experiments
increases, P, tends to be stable and close to the preset detection rate 0.9.

More experiments are also carried out with the same y, SNRy=10 and different
noises. The detection rate P is still set to 0.9. Figure 6 shows the difference between
the y of the most similar range profile and the true y in different experiments. Note

Page 11 0f 18



Tan and Wang EURASIP Journal on Advances in Signal Processing ~ (2024) 2024:28 Page 12 0of 18

2.0
1.5
1.0
bo ook, od oo
& 05 5%
=
£ 00 & S ot
2 P %%%3 55 6 Bengf
| 5 KUO O 0O OQ0 %&Q &
O|»ao o O g’oo o ™
-1.0
o o
-15 5 3
2.0

0 25 50 75 100 125 150 175 200 225 250 275 300
Index of experiment
Fig. 6 Error of y in different experiments when SNRy=10

1.0

0.9
0.8
~ 0.7

0.6

Actual P,|

0.5

0.4

- = ~SetP,

03 i i ] i i i ] i
0 50 100 150 200 250 300

Number of experiments
Fig. 7 Detection rate versus number of experiments when SNR,=10

that when SNRy increases, the error of y is more centralized around 0. Figure 7
shows the variation of P; with the number of experiments. We can see that Py still
tends to be stable and close to the preset detection rate 0.9 as the number of experi-
ments increases.

We also use the range profiles of the warhead with other y’s to test the proposed
algorithm. In this experiment, the range profile of the warhead with y = 45° and
SNRx=5 is used. Similarly, the detection rate P, is set to 0.9, and the threshold T is
thus found to be 0.16694. Due to the noise, the most similar range profile is found
to be the range profile with y = 45.2°. The target is correctly regarded as a warhead
because D, the deviation of its range profile from the most similar range profile, is
0.1152, less than the threshold T. Figures 8 and 9 show the error of y and the varia-
tion of P; in 300 experiments, respectively, and similar results are obtained.
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Fig. 9 Detection rate versus number of experiments when SNRy=5 and y = 45°

4.3 Recognition of typical decoys
In the following experiments, the noise is added such that SNRy=5. The detection rate
P, is set to 0.9, and so, the threshold T is found to be 0.16694.

The range profile of a sphere is used to test the proposed algorithm (Fig. 10). The
sphere has a radius of 0.25 m, and its surface is assumed to have a perfect electric con-
ductivity. Its structure is very simple, and so, we do not show its structure model here.

Each range profile in the dataset is compared with the range profile of the sphere tar-
get to find the most similar range profile. The most similar range profile is found to be
the range profile with y = 69.7°. The target is not classified as a warhead because D, the
deviation of its range profile from the most similar range profile, is found to be 0.42289,
larger than the threshold 7.

The range profile of a fragment with y = 10° and 6 = 20° (@ is the angle between the
projection of the LOS on the xy-plane and the x-axis) is also used to test our algorithm.
Figure 11 shows the range profile of the fragment in the simulation. Figure 12 shows the
fragment illuminated by the radar, where the inner radius 7’ is 0.25 m, the outer radius
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Fig. 10 Range profile of a sphere
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Fig. 11 The range profile of the fragment model (y = 10°and 6 = 20°)

Fig. 12 The structure of the fragment model

R is 0.26 m, and the height /%" is 0.5 m. Assume that its surface has a perfect electric

conductivity.
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The most similar range profile is found to be the range profile with y = 54.3°. The tar-
get is not classified as a warhead because D, the deviation of its range profile from the
most similar range profile, is found to be 0.22453, larger than the threshold T.

Furthermore, we also use the range profiles of the fragment with other y’s and 6’s to
test our algorithm and obtain similar results.

In order to test the effectiveness of the deviation in recognizing warheads from decoys,
300 experiments are carried out for the warhead (y = 30°), the sphere, and the fragment
(y = 10° and 6 = 20°), respectively. SNR is set as 5 in all experiments. Figure 13 shows
the deviation of each target in each experiment.

As we see, the deviation of the warhead is almost always less than the threshold, but
the deviation of the sphere and the deviation of the fragment are always larger than the
threshold. This indicates that our algorithm is effective in recognizing warheads from
simple decoys, like spheres and fragments. This algorithm, however, cannot be used to
exclude high-imitation decoys from warheads because high-imitation decoys have sim-
ilar range profiles to warheads. More features, like micro-motion features, have to be
considered in such cases.

The computational efficiency of this algorithm is an important factor in practical
applications. The program is written in MATLAB on a Dell OptiPlex 5080 (2.9-GHz
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Core i7-10700 CPU, 16-GB RAM), and no parallel processing is used. Typically, the time
of the entire algorithm is about 10 milliseconds. Usually, this time is less than a pulse
repetition period, which means that this algorithm is suitable for real-time applications.
The computation time increases linearly with the size of the dataset. When the size of
the dataset is very large, parallel processing can be used to reduce the computation time.
The whole dataset is divided into different subsets. The range profile of interest is com-
pared to the range profiles in different subsets at the same time. The comparison results
with different subsets are compared to find the best matched range profile in the whole

dataset.

4.4 Comparison with traditional method

In the traditional matching-recognition method, the recognition threshold is selected
empirically and fixed, and the detection rate changes with the SNR. Figure 14 shows the
variation of the detection rate with the SNR in the traditional method. Here, the rec-
ognition threshold is selected as 0.14, and 100 experiments are carried out under each
SNR. It can be seen that in the case of low SNRs, the detection rate of the traditional
method is low. This limits its application because the detection rate of a method should
be higher enough to be useful. Figure 14 also shows the variation of the detection rate
with the SNR in the proposed method. Here, the recognition threshold is selected such
that the detection rate is a constant 0.9, and 100 experiments are carried out under each
SNR. It can be seen that the actual detection rate is always around the preset detection
rate, even for low SNRs. Evidently, the proposed method has a larger applicability than
the traditional method.

5 Conclusions

The proposed algorithm is effective for warhead recognition in the defense of ballistic
missiles. The range profiles from the warheads of interest in typical illumination direc-
tions form a dataset. Each range profile in the dataset is compared to the range profile
of the target under observation, and the most similar range profile is found. The target is

considered as a warhead if the deviation of its range profile from the most similar range

ool
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Fig. 14 Detection rate versus SNR for traditional and proposed methods
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profile is less than or equal to a threshold. The threshold is chosen such that the detec-
tion rate is constant. Since the threshold is automatically calculated according to the
detection rate, this algorithm has a larger applicability than the current methods based
on range profile recognition. The results of computer-simulated data indicate the effec-
tiveness of this algorithm.

This algorithm can be used to exclude simple decoys, such as spheres and fragments,
from warheads because simple decoys have different range profiles from warheads. It
cannot be used to exclude high-imitation decoys from warheads because high-imitation
decoys have similar range profiles to warheads. In such a situation, more features, like
micro-motion features, have to be considered.
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