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Abstract Due to the aspect sensitivity of high-resolution
range profile (HRRP), traditional radar HRRP target
recognition methods usually use average profile within
some target-aspect region as the target-aspect template.
Actually, the amplitude fluctuation property of target HRRP
also represents some feature information of the target.
Based on the scattering center model, a new feature
extraction method using the amplitude fluctuation property
of target HRRP is proposed in this paper. The weighted
HRRP feature extracted by the new method can represent
the scatterer distribution in every range cell, thereby it can
describe the scattering property of the target better. The
experimental results based on measured data show that the
new feature extraction method can greatly improve
recognition performances.

Keywords Radar automatic target recognition (RATR),
HRRP, Feature extraction, Scattering center model, Average
profile, Variance profile

1 Introduction

A high-resolution range profile (HRRP) represents the
projection of the complex returned echoes from target
scattering centers onto the radar line-of-sight (LOS). It
contains the target structure signatures, such as target size,
scatterer distribution, etc.. Radar HRRP target recognition
has received much attention from the RATR community
[1-7]. However, according to the scattering center model
[8-9], which is widely used by the high range resolution
radar imaging community (SAR/ISAR), the variation of
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target-aspect will lead to different range shifts for different
scattering centers on the target. Therefore, the HRRP, the
amplitude of coherent sum of the complex returned echoes
from scatterers in a range resolution cell, can be changed
substantially. This is referred to as the target-aspect
sensitivity of HRRP. Thus, the traditional radar HRRP target
recognition methods usually use an average profile within
some target-aspect region as the target-aspect template
[2-6], such as template matching method under the
maximum correlation coefficient criterion (MCC-TMM)
[1, 4, 6], namely, minimum Euclidean distance classifier,
and some kernel function classifiers [6]. Actually, the
amplitude fluctuation property of target HRRP also
represents some feature information of the target [1]. On the
assumption that target data are distributed as multivariate
Gaussian, adaptive Gaussian classifier (AGC) uses
Bayesian theory to minimize cost function. Because using
variance matrix of target HRRP can reflect its amplitude
fluctuation property, AGC outperforms MCC-TMM in radar
HRRP target recognition [7]. Nevertheless, if test data are
mismatched with the distribution model estimated from
training data or if the parameters of the distribution model
are not estimated exactly, the recognition performance of
AGC will degrade.

This paper proposes a new feature extraction method
different from AGC, which describes HRRP’s statistical
characteristics using the amplitude fluctuation property of
target HRRP according to the scattering center model. The
weighted HRRP feature extracted by the new method,
which effectively fuses the average profile with the variance
profile of an HRRP frame, can represent the scatterer
distribution in every range cell. Therefore, it can describe
the scattering property of the target better. Furthermore, in
order to deal with the amplitude-scale and time-shift
sensitivity of target HRRP, a joint amplitude-shift matching
fast algorithm is proposed in this paper, which can reduce
the computation burden effectively. By using this fast
algorithm, the weighted HRRP feature can be used in any
classifier based on Euclidean distance. In recognition
experiments based on measured data, the MCC-TMM and
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the radial basis function network (RBFN) using the
proposed weighted HRRP feature achieve better recognition
performances than those using the traditional average
profile template and AGC which also uses amplitude
fluctuation property of target HRRP.

2 Scattering center model-based property analysis and
feature extraction of target HRRP

2.1 Property analysis based on scattering center model

According to the scattering center model [8-9], the
limitation of target-aspect change for avoiding scatterers’
motion through range cells (MTRC) is given by
80 <(80) e = % M
where AR is the length of range cell and L is the cross length
of target. Since the scattering center model almost remains
unchanged within Ap, the HRRPs in this sector can be
regarded as a vector stationary process. Thus, HRRPs of
one target can be divided into many subsets according to
different angular sectors, which are defined as HRRP
frames in this paper. According to relevant literatures [2—6],
an HRRP consists of the scatterer auto-term (SAT) and the
scatterer cross-term (SCT). If a target uniformly rotates
within the target-aspect sector corresponding to an HRRP
frame, the power of the mth returned echo
(m=0,1, ---, M—-1) in thenth range cell (n=1, 2, ---, N)
can be written as

L, i-l
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where o, represents the strength of the ith scatterer, 6, (m)

represents the phase difference between the ith scatterer and
the kth scatterer of the mth echo in the nth range cell. The first
term at the right side of Eq. (2) is referred to as the SAT, which
is the summation of the scatterers’ energy within a range cell;
the second term is referred to as the SCT, which is the
summation of conjugate multiplication of echoes from
different scatterers within a range cell. Without MTRC, the
SAT remains invariant, but the SCT varies as a random
variable with zero mean [2-6]. Thus, the target-aspect
sensitivity of HRRP results from the SCT. Therefore, as far as a
range cell is concerned, the mean of
2 2
O]
SAT approximately, and the variance can represent the
fluctuation property of the SCT.

According to the scattering center model, there are three
kinds of scatterer distributions in a range cell [9].

1) First type of range cell: there are a large number of
small scatterers and no predominant scatterers in this type
of range cell. Under the hypothesis that the strengths of the
small scatterers are almost the same and the number of the
small scatterers is large enough, the amplitude of this type

x, (M -1) |2} can represent the stable

of range cell will follow a Rayleigh distribution and slightly
fluctuate.

2) Second type of range cell: this type of range cell
consists of a predominant scatterer and a large number of
small scatterers. Under the hypothesis similar to the first
type, the amplitude of this type of range cell will follow a
Ricean distribution and mainly depend on the dominant
scatterer with slight fluctuation caused by small scatterers.

3) Third type of range cell: there are a large number of
small scatterers and several predominant scatterers in this
type of range cell. Due to the difference in range-shifts
between dominant scatterers, the amplitude of this type of
range cell will follow a multimodal (mainly bimodal)
distribution, which depends on the particular geometrical
distribution of the dominant scatterers, and have great
fluctuation along with target aspect changing.

2.2 A new feature extraction method

In order to deal with the target-aspect sensitivity of HRRP,
the traditional radar HRRP target recognition methods
usually use the average profile of each HRRP frame as the
target-aspect template and a single HRRP sample as a test
sample [2—6]. As discussed in Sect. 2.1, the average profile
can approximately represent the stable SATs of all range
cells within an HRRP frame. Nevertheless, with different
scatterer distributions, range cells of a test HRRP have
different amplitude fluctuation properties, of which some
are stable and some have great fluctuation. In radar HRRP
target recognition, stable range cells are more important
than unstable ones. Therefore, if HRRP components are
multiplied by different weights that depend on their
amplitude fluctuation property, the recognition performance
will be improved.

Letpr, = [, (.10, 1t,(N)] ¢ =[ 02 (.02 Q)02 (N) |
respectively represent the average profile and variance
profile of the kth HRRP frame {x, |/=1, 2, ---, L} of ith

target (L denotes the sample number), and let [nl’nSJ
denote the signal support region of g, , in other words,
noises distribute out of [”l’”SM] . The weight vector
of{x,, [/ =1, 2, ---, L} is defined as
i
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The corresponding feature template is
Vi =My W,
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When a test profile x=[x(1),x(2),--~,x(N)]T matches

with {x,, |1 =1,2,--,

scatterer distribution as {x,, [/ =1,2,---, L}. Therefore, the
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L}, x is assumed to have the same



test feature vector is
K =XWy

0.0, 0, X0 xtm) | x(ny)

oy (n) oy(n,) O (nsfk)

The feature vectors defined in Egs. (4) and (5) reflect not

only the absolute amplitude, but also the scatterer

distribution of the average profile template and test sample,

respectively. Thus, they can describe the scattering property
of the target better.

’050’...’0

3 RATR based on weighted HRRP feature

3.1 Amplitude-scale and time-shift sensitivity

Radar HRRP is also sensitive to amplitude-scale and time-
shift variations [4, 6]. In radar HRRP target recognition,
firstly, the test samples and target-aspect templates should
be amplitude-scale normalized, e.g., L, normalization [4, 6];
secondly, the amplitude-scale normalized test samples
should be time-shift matched with the amplitude-scale
normalized target-aspect templates [4, 6]. When our feature
extraction method is used, the matching process between a
test feature vector and a feature template is shown in Fig. 1,
which comes from the measured data of “Yark-42” (detailed
introduction shown in Sect. 4.1). Since the weight vector
defined in Eq. (4) is time-shift matched with the average
profile template but not with the test sample, the
amplitude-scales of the test sample with different time-shift

compensations are also different. Therefore, as shown in Fig.

1, the amplitude-scale normalization should be done along
with the time-shift compensation. However, such matching
process will mean a huge computation burden. In order to
reduce computation burden, a joint amplitude-shift
matching fast algorithm is proposed as follows.

3.2 Joint amplitude-shift matching fast algorithm

Letw, =v, /[v.|, denote the normalized feature template of
the kth HRRP frame of ith target, and let x,, = x,. /

Xik? 2

represent the normalized test feature vector with
time-shift r , where
zikr = xr : wik
= [2((1+ ) Wy (D, 2((2 + 7))y W, (2), (6)
= x(N +2) o, (N)]'

and x((n+7)), denotes the nth component of test profile
x with circular time shift 7. The square Euclidean distance
between x,, and v, is

d]?\zkr = (_m _‘Tik )T ()_fikr _‘_’ik ) =2 _ziz'rlir‘_’ik
=2=20(Xir>Vi)

where p(yx,,,v, ) is the cross-correlation coefficient

(7
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Fig. 1 Matching process between a test profile and an aspect template.
(a) Average profile template; (b) Weight vector; (c) Test sample;
(d) Normalized feature template; (¢) Normalized test feature vector with
time-shift compensation
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with X,w, and 0, being defined as



%2 xx=[XW2Q) 2 (V)] ©)
= wyewy =[O @)Wl ()] (10)
— A
Oy = Vi "Wy
T
{v,-k(l)w,-k(l) W, 2)  v(N)w(N) (an
[vall, [vall, vl

The joint amplitude-shift matching result is
Ay :mrin{dE\ikr} :\/z_zm?-x{ﬂ(l;kr’vik)} (12)

If using fast Fourier transformation (FFT) and inverse
fast Fourier transformation (IFFT) to reduce computation
burden, then

IFFT[ FFT(x)- FFT(0,, ) ]
max p(¥y,,V;) = max
- " | JIFFT[FFT(x)-FFT (s, )]

Teg, (m)
= max{ ——t—=-—
" A ey (m)

m=1,2,~~-,N (13)
where
r,, =x*0, = IFFT[FFT(x)FFT(3,)] \
; 1
=IFFT[ X ¥, | (14)
res, =X*w, = IFFT[ FFT(X)FFT(w,)]
= IFFT| XW, | (15)

with * denoting the convolution operation, FFT(-) and

IFFT(-) denoting the FFT and IFFT operations, respectively.

4 Experimental results

4.1 Data description

The results presented in this paper are based on measured
airplane data. The parameters of the targets and radar are
shown in Table 1, and the projections of target trajectories
onto ground plane are shown in Fig. 2, from which the
aspect angle of an airplane can be estimated according to its
relative position to radar. As shown in Fig. 2, the measured
data are segmented. Training samples and test samples are
from different data segments, among which the 2nd and the

Table 1 The parameters of planes and radar in the ISAR experiment

Radar parameters Center frequency 5520 MHz
P bandwidth 400 MHz
Planes Length/m Width/m Height/m
Yark-42 36.38 34.88 9.83
An-26 23.80 29.20 9.83
Cessna Citation S/I1 14.40 15.90
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Fig. 2 The projections of target trajectories onto ground plane. (a) Yark-42;
(b) An-26; (c) Cessna Citation S/IT

Sth segments of Yark-42, the S5th and the 6th segments of
An-26, the 6th and the 7th segments of Cessna Citation S/ 11
are taken as the training samples, other data segments are
taken as test samples. According to Fig. 2, the elevation
angles of the test samples are different from those of the
training samples. Thus the generalization performance of
the recognition method can be tested.

4.2 Comparison between recognition performances

The proposed weighted HRRP feature and average profile
template are applied to MCC-TMM [1, 4, 6] and RBEN [6]
to compare their recognition performances. Table 2 shows
their confusion matrices and average recognition rates.
Obviously, our new feature vector achieves better
recognition performances than traditional average profile
template. Especially, the recognition rates of An-26
obtained by the two classification algorithms using
weighted HRRP feature are improved greatly, since An-26
is a propeller-driven aircraft and our feature extraction
method can effectively reduce the effect from the unstable
echoes from the propeller. In addition, the recognition rates
obtained by RBFN are all larger than those by MCC-TMM.
Therefore, advanced classifiers can effectively improve
recognition performances.

5 Comparison between our method and AGC
5.1 Some problems existing in AGC
The main procedure of AGC is as follows [7].

1) Preprocessing: the non-Gaussian distributed data are
turned into Gaussian distributed data by power transformation.
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Table 2 The confusion matrices and average recognition rates of MCC-TMM and RBFN using average profile feature and weighted HRRP

feature

Classifiers MCC-TMM

Feature vector Average profile template

Weighted HRRP feature

RBFN

Average profile template Weighted HRRP feature

Cessna

Cessna

Cessna Cessna

Yark A An Yark Al An Yark e An Yark A An
Citation Citation Citation Citation
-42 S/ -26 -42 S/ -26 -42 S/ -26 -42 S/l -26
Yark-42 81.25 1.00 14.75 90.25 0.00 1.50 76.25 0.50 10.25 97.50 0.00 2.75
Cessna Citation S/IT 2.75 71.75 43.00 0.25 88.50 3.75 0.00 73.75 21.75 0.00 95.25 4.75
An-26 16.00 21.25 42.25 9.50 11.50 94.75 23.75 25.75 68.00 2.50 4.75 92.50
Average recognition rate/% 67.08 91.17 72.67 95.08

2) Template database: estimate the average profile and
variance profile of each HRRP frame. {g,,c, |i=12,--,
. — — 2
Ck=12, - K}withug, = ”ik/"”ik"z andc, = Cik/"luik "2 .
3) Test phase: let X, be the power transformed,

amplitude-scale normalized and time-shift compensated test
HRRP sample. Then

dik = 1n|zik| + (Ef - /_Iik)Tzi_kl(Ez - ﬁik)

i=1,2,---,C,k=12,---,K (16)
where )" =diag(c,) . If
j =argmin (mkind[k), i=12,---,C,k=12,---,K (17)

x belongs to target 7.

Because using variance matrix of target HRRP can reflect
their amplitude fluctuation property, AGC outperforms
MCC-TMM in radar HRRP target recognition. However, the
preprocessed data are assumed to follow Gaussian
distribution in AGC. If test data mismatch with the
distribution model estimated from training data or the
parameters of distribution model are not estimated exactly,
the recognition performance of AGC will degrade. Firstly, the
sample number of an HRRP frame is not large in radar HRRP
target recognition, therefore the estimated average profile and
variance profile must have the estimation errors. Secondly, as
discussed in Sect. 3.1, due to the amplitude-scale sensitivity,
the target-aspect templates and the test data should be
amplitude-scale normalized (e.g., L, normalization) before
matching. As described above, the L, normalization is also
applied to AGC. AGC assumes that the test data and the
training data in the matched HRRP frame should follow same
distribution. Nevertheless, since range cells of an HRRP have
different amplitude fluctuation properties, L, normalization,
which makes the energy of a vector equal to one, may change
the data’s distribution model, and consequently the originally
matched test data and template maybe become mismatched
after L, normalization. This can be explained by an example
shown in Fig. 3, which also comes from the measured data of
“Yark-42”. Fig. 3(a) shows two raw HRRP samples in an
HRRP frame, which have similar waveforms except for the
echoes in one range cell. However, after amplitude-scale
normalization, as shown in Fig. 3(b), their waveforms are
quite different. Thus the variance profiles estimated from the

raw HRRP frame and the amplitude-scale normalized HRRP
frame are also different as shown in Fig. 3(c). Therefore, the
L, normalization may cause the test data to mismatch with
the distribution model estimated from training data. Fig. 3(d)
shows the corresponding weighted HRRP feature vectors.
Compared with the raw HRRP samples and the
amplitude-scaled normalized samples, our weighted HRRP
feature vectors are more stable.

Our feature extraction method differs from AGC in
that there is no distribution assumption or parameter
estimation for target HRRP. In our method, based on
scattering center model, HRRP components are
multiplied by different weights, which depend on the
corresponding average profile and variance profile. Thus,
the weighted HRRP feature can represent the scatterer
distribution in every range cell.

5.2 Recognition results of AGC

Table 3 shows the recognition results of AGC. Compared
with Table 2, the average recognition rate obtained by
MCC-TMM using our new feature vector is approximately 6
percentage points larger than that obtained by AGC.
Especially, the misclassified samples of Cessna Citation S/II
and An-26 in MCC-TMM using weighted HRRP feature
decreases greatly. As shown in Fig. 2, compared with Yark-
42, the course and elevation angles of Cessna Citation S/II
and An-26 change much more, thereby their HRRP samples
are relatively unstable. Thus, the improvement in the
recognition performances of Cessna Citation S/II and An-26
demonstrates that our weighted HRRP feature can describe
the scattering property of the target better.

Table 3 The confusion matrix and average recognition rate of AGC

Yark-42 Cessna Citation S/IT An-26
Yark-42 93.50 1.25 3.50
Cessna Citation S/IT 0.00 69.00 2.75
An-26 6.50 29.75 93.75
Average 85.42

recognition rate/ %
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6 Conclusions

The average profile can represent the scatterer strength
information of all range cells, and the variance profile can
represent the scatterer distribution information of all range
cells. The weighted HRRP feature extracted by our feature
extraction method, which effectively fuses the average
profile with the variance profile of an HRRP frame, can
describe the scattering property of a target better.
Furthermore, a fast joint amplitude-shift matching algorithm
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is proposed in this paper, by which the weighted HRRP
feature can be used in any classifier based on Euclidean
distance with greatly-reduced computation burden. The
experimental results based on measured data show that the
new feature extraction method can improve recognition
performances greatly.
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