
Front. Electr. Electron. Eng. 2012, 7(1): 49–55

DOI 10.1007/s11460-012-0191-1

Hongwei LIU, Feng CHEN, Lan DU, Zheng BAO

Robust radar automatic target recognition algorithm based

on HRRP signature

c© Higher Education Press and Springer-Verlag Berlin Heidelberg 2012

Abstract Automatic target recognition (ATR) is an
important function for modern radar. High resolution
range profile (HRRP) of target contains target struc-
ture signatures, such as target size, scatterer distribu-
tion, etc., which is a promising signature for ATR. Sta-
tistical modeling of target HRRPs is the key stage for
HRRP statistical recognition, including model selection
and parameter estimation. For statistical recognition al-
gorithms, it is generally assumed that the test samples
follow the same distribution model as that of the train-
ing data. Since the signal-to-noise ratio (SNR) of the
received HRRP is a function of target distance, the as-
sumption may be not met in practice. In this paper, we
present a robust method for HRRP statistical recogni-
tion when SNR of test HRRP is lower than that of train-
ing samples. The noise is assumed independent Gaus-
sian distributed, while HRRP is modeled by probabilistic
principal component analysis (PPCA) model. Simulated
experiments based on measured data show the effective-
ness of the proposed method.

Keywords radar target recognition, high resolution
range profile (HRRP), probabilistic principal component
analysis (PPCA)

1 Introduction

High resolution range profile (HRRP) of a target is the
amplitude of coherent summations of the complex time
return from target scatterers in each range cell, as shown
in Fig. 1, which is shown to be a promising signature
for automatic target recognition (ATR) [1–7]. Statistical
recognition methods have been extensively studied and
successfully applied to HRRP-based ATR area [1–7]. For

Received October 16, 2011; accepted December 22, 2011

Hongwei LIU , Feng CHEN, Lan DU, Zheng BAO

National Laboratory of Radar Signal Processing, Xidian Univer-
sity, Xi’an 710071, China

E-mail: hwliu@xidian.edu.cn

HRRP-based statistical recognition, one key problem
is to choose an appropriate model that can describe
HRRP’s statistical property accurately. There are sev-
eral issues needed to be considered. The first is that the
data between range cells are statistically correlated or
not. The second is that the data follow which kind of
distribution model. The third is that how to build statis-
tical model for the HRRP data according to different tar-
get orientations. In radar automatic target recognition
(RATR) applications, the amplitude of received HRRP
signal is a function of radar-target distance, namely, the
signal-to-noise ratio (SNR) of HRRP signal will be much
lower for the target at a longer distance. Therefore, it is
very important for the RATR algorithms to have a ro-
bust performance for the low SNR data, in other words,
to obtain satisfactory recognition performance for the
target at longer distance.

Fig. 1 Illustration of target HRRP [7]

The remainder of this paper is organized as follows.
In Section 2, we give a brief review of some existing sta-
tistical models for HRRP data. In Section 3, we propose
a robust recognition algorithm for low SNR data. Based
on measured HRRP data, some results are presented
in Section 4. Finally, some remarks and discussion are
drawn in Section 5.
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2 Statistical modeling of radar HRRP data

The statistical modeling of radar HRRP data includes
model selection and parameters estimation. In this sec-
tion, we will give a brief review of some existing statis-
tical modeling algorithms for HRRP data.

2.1 Statistical independent Gaussian model

Based on the assumptions that the HRRP data are
Gaussian distributed and statistical independent be-
tween different range cells, we can estimate the mean
vector and the covariance matrix (actually is a diagonal
covariance under this assumption) as

m̃i =
1
Ni

Ni∑

j=1

xj,i, (1)

Σ̃i =
1
Ni

Ni∑

j=1

(xj,i − mi)
T (xj,i − mi), (2)

where xj,i is the jth HRRP sample of the ith target,
and Ni is the number of training data sample. Based on
the estimated parameters, for a test data sample xt, one
can determine its label by using the distance metric as
shown below:

Di = det
∣∣Σ̃i

∣∣−1/2 + (xt − m̃i)
T Σ̃−1

i (xt − m̃i) ,

i = 1, 2, ..., I. (3)

2.2 Statistical independent non-Gaussian model

For wideband radar, it is well known that the tar-
get echoed signal is generally non-Gaussian distributed.
Therefore, the Gaussian distributed assumption cannot
get a satisfactory recognition performance. In Refs. [1]
and [2], Gamma distribution is used to describe the
HRRP data. Actually, the distribution model of HRRP
data in different range cells may be different. We divide
the range cells into three types according to different
scatterer distribution structures [3]:

a) The first type of range cells: There are a large num-
ber of small scatterers and no predominant scatterers in
this type of range cell. Under the assumption that the
intensities of the small scatterers are almost the same
and the number of the small scatterers is large enough,
the central limit theorem holds. The inphase or quadra-
ture component of the complex echo of this type of cell
will follow Gaussian distribution with zero mean, and its
amplitude will follow Rayleigh distribution as

PRayleigh(x) =

⎧
⎨

⎩

x

b2
exp

(
− x2

2b2

)
, x > 0,

0, x � 0,

(4)

where b is the scale parameter.
b) The second type of range cells: This type of range

cell consists of a predominant scatterer and a large num-
ber of small scatterers. Under the hypothesis similar to
the first type, the inphase or quadrature component of
the complex echo of this type of cell will follow Gaus-
sian distribution with the mean determined by the echo’s
inphase or quadrature component of the predominant
scatterer, in accordance with the central limit theorem.
Thus, its amplitude follows a Ricean distribution ampli-
tude as

pRice(x) =

⎧
⎪⎨

⎪⎩

x

b2
exp

(
−x2+|v|2

2b2

)
I0

(
x · |v|

b2

)
, x > 0,

0, x � 0,

(5)

where b is the scale parameter, v is the noncentrality
parameter, and I0(·) is the modified Bessel function of
zero order.

c) The third type of range cells: There are a large
number of small scatterers and several predominant scat-
terers in this type of range cell. Its statistical property
can be approximately represented by a multimodal dis-
tribution, which depends on the particular geometrical
distribution of the predominant scatterers.

We can use Gamma distribution to describe the sta-
tistical property of the first type and the second type of
range cells and Gaussian mixture model to describe the
third type of range cells.

The next question is how to determine the range cells
type given by the training data set. We use the rival
penalized competitive learning (RPCL) algorithm [8],
which is an efficient clustering algorithm, to determine
the type of a range cell. Moreover, the parameters of
Gamma distribution and Gaussian mixture distribution
are estimated by the maximum likelihood (ML) method
and the expectation-maximization (EM) algorithm, re-
spectively [3].

2.3 Statistical correlated Gaussian model

Theoretically speaking, the target can be regarded as
consists of multiple isolated scatterers; therefore, the
HRRP data can be assumed as statistical independent
between range cells. However, considering the multiple
reflections phenomena, target structure similarity be-
tween range cells, etc., this independence assumption
is not true. One can use joint Gaussian distribution di-
rectly to model the range cells correlation property of
HRRP data. However, the model parameter dimension
will increase significantly. This will introduce difficulty
in parameter estimation and larger memory and com-
putational complexity requirement. Therefore, lower di-
mension model is required.
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a) Probabilistic principal component analysis (PPCA)
model: For an HRRP sample x with dimension of d, it
can be written as

x = Akyk + μk + εk, (6)

where k is target label, μk is a d-dimensional mean vec-
tor, Ak ∈ �d×q is the weight matrix with column orthog-
onal to each other, the latent variable yk ∈ �q follows
the Gaussian distribution, and εk ∈ �d ∼ N(0, σkId) is
the Gaussian distributed noise variable. Therefore, the
distribution of x can be written as

p(x|k) = (2π)−d/2
∣∣σ2

kId + AkAT
k

∣∣−1/2

·e{− 1
2 (x−µk)T(σ2

kId+AkAT
k )−1(x−µk)}. (7)

b) Factor analysis (FA) model: FA model has the same
formation with PPCA model, as shown in Eq. (6). PPCA
model requires orthogonal bases in the signal subspace
and independent elements in the noise variable with the
same variances, while FA model requires independent
bases in the signal subspace and independent elements
in the noise variable with different variances. In the FA
model, the noise variable εk ∈ �d ∼ N(0,Ψk), where Ψk

is a diagonal matrix with different elements. Therefore,
the distribution of x can be written as

p (x|k) = (2π)−d/2 ∣∣Ψk + AkAT
k

∣∣−1/2

·e
n
− 1

2 (x−µk)T(Ψk+AkAT
k )−1

(x−µk)
o
. (8)

Since that the FA model has more degrees of free-
dom to describe the data than that of PPCA model, our
experimental results show that the recognition perfor-
mance of FA model is better than that of PPCA model
[5]. Detail approaches about the model selection and pa-
rameters estimation methods can be found in Ref. [5].

2.4 Statistical correlated non-Gaussian model

As indicated before, the HRRP data are generally non-
Gaussian distributed, and FA model actually is an ap-
proximately model to describe the statistical property
of HRRP data. Considering that the statistical correla-
tion between range cells, a statistical model which can
describe the statistical correlated non-Gaussian HRRP
data are desired.

Local factor analysis (LFA) model is introduced into
radar HRRP recognition [6]. In LFA model, the data can
be represented as the summation of multiple FA model:

p (x|k) =
L∑

l=1

αlp(x|k, l), (9)

where ∀αl � 0,
∑L

l=1 αl = 1. In the FA model, the la-
tent variable dimension needs to be determined by model

selection algorithm, and the loading matrix Ak, the sta-
tistical parameters of μk, yk, εk need to be estimated.
For LFA model, the model selection and parameters es-
timation are much more complex than that of FA model.
Due to space limit, the detail approach is not introduced
here, one can find them in Ref. [6].

2.5 Statistical model by using temporal correlation

In applications, radar generally can obtain multiple
HRRP during a period of time. One can use multiple
HRRP observations together to improve the recognition
performance. One direct approach is to regard the mul-
tiple HRRP data as statistical independent, and fuse the
recognition results of each HRRP data together to get
the final result. However, since that target-radar orien-
tation varies continuously during the observation, the
HRRP sequence may be statistically correlated. It is
expected that the recognition performance can be fur-
ther improved by using the correlation property between
HRRP data. Motivated by this, we introduce the tempo-
ral factor analysis (TFA) model [9,10] for HRRP recog-
nition application. In this model, the HRRP data can be
written as

xt,k = Akyt,k + μk + εt,k,

yt,k = B̃kyt−1,k + ωt,k, t = 1, 2, .., T,

εt,k ∼ N(εt,k|0, Ψk), ωt,k ∼ N(ωt,k|0, Ωk),

(10)

where time is indexed by discrete t, parameters A, μ, Ψ
have the same meaning as in Eq. (6), εt and ωt are as-
sumed to be uncorrelated random noises, and yt and ωt

are uncorrelated with yt−1. Moreover, B̃ is an m × m

transition matrix, The temporal relation is embodied
in the first-order vector autoregressive process in the
hidden state sequence {y0, y1, ..., yT }. Based on further
constraints that B̃,Ω,Ψ are all diagonal matrices, in
Ref. [7], a model selection and parameters estimation
approach is proposed.

3 Robust recognition algorithm in low SNR
situation

Almost all the existing statistical models for HRRP data
assume that the training data and test data are ob-
tained under the similar measurement circumstance. In
other words, the test data and training data share the
same distribution model and the same statistical param-
eters. In real applications, the training data are usu-
ally collected via some cooperative measurement exper-
iments or directly via simulations, which generally has
high SNR; while the test samples are usually obtained in
the non-cooperative circumstance, where the high SNR
cannot be guaranteed due to the severe measurement
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conditions, such as the large distance between the non-
cooperative targets and radar. To handle this problem,
one method is to improve the SNR at signal process-
ing stage. However, for radar application, it is always
the first desirability to find the target and identify it at
longer distance. Therefore, the robust recognition algo-
rithm at low SNR situation is desired.

For the simple statistical models used in Refs. [1–3],
since there is no model variable to describe the noise
term, it is difficult to represent different noise back-
ground. For the PPCA model, from Eq. (6), we can see
that the model parameters Ak, μk are determined by
the signal of interest component, and the statistical pa-
rameters of latent variable yk are also determined by the
signal component. Only the statistical parameters of εk

are determined by the noise. In other words, for differ-
ent SNR levels, if the statistical parameters of εk are
updated, the model can be used for different SNR cases.
The conclusion also applies to the FA and LFA models.

Motivated by the above analysis, we develop a noise
adaptive HRRP statistical recognition algorithm. The
statistical model is trained by the high SNR data. When
a test data sample comes, we first keep the signal-related
parameters unchanged, and use the test sample to esti-
mate the noise-related statistical variable. Then, we use
the updated statistical model with the estimated noise
variable to perform the recognition.

Without loss of generality, the returned HRRP echo
consists of signal and noise. The noise is assumed added
white Gaussian noise with equal power for every range
cell. Two situations, high SNR which is x+ = s++w+ in
formula formation and low SNR which is x− = s−+w−,
are considered. The signal and noise power are P+

s ,
P−

s , P+
w , and P−

w , respectively, where superscript “+”
denotes high SNR and “–” denotes low SNR. Since
HRRP’s amplitude must be normalized to equal energy
in effects to overcome amplitude sensitivity, all samples
used to train templates are normalized samples, i.e.,
x̄+ = x+/

√
(x+)Tx+ and x̄− = x−/

√
(x−)Tx−. Be-

cause s+ ∝ s−, we just simply let s+ = s− = s; thus,
P+

s = P−
s = Ps and P+

w < P−
w .

Based on the PPCA model, for high SNR situation,
the mean vector and covariance matrix of training data
samples can be approximated as follows:

m̄+ =
1
N

N∑

i=1

x̄+
i =

1
N

N∑

i=1

x+
i√

(x+
i )Tx+

i

≈
∑N

i=1 s+
i

N · E
(√

(x+
i )Tx+

i

)

=
1

N ·
√

Ps + P+
w

N∑

i=1

si, (11)

s̄+ =
N∑

i=1

(x̄i − m̄+)(x̄i − m̄+)T

N

≈
∑N

i=1 x+
i (x+

i )T

N · E ((x+
i )Tx+

i

) −
(∑N

i=1 si

)(∑N
i=1 si

)T

N2
(
Ps + P+

w

)

=
Css + P+

w ID

Ps + P+
w

, (12)

where

Css =
∑N

i=1 sis
T
i

N
−
(∑N

i=1 si

)(∑N
i=1 si

)T

N2
.

Let ω1, ω2, . . . , ωD (ω1 � ω2 � · · · � ωD) denote
Css’s eigenvalues, U be a full matrix whose columns are
the corresponding eigenvectors, so that Css = UΩUT,
where Ω is a diagonal matrix with ω1, ω2, . . . , ωD on the
diagonal. Thus,

s̄+ = U
Ω + P+

w ID

Ps + P+
w

UT.

According to PPCA parameter estimation algorithm,
the mean estimator has already been addressed by Eq.
(11), and the other estimators are given as follows:

(
σ+
)2 =

∑D
i=d+1 ωi

(D − d)
(
Ps + P+

w

) +
P+

w

Ps + P+
w

, (13)

A+ = Ud

[
Ωd

Ps + P+
w

+
P+

w Id

Ps + P+
w

− (σ+
)2

Id

]1/2

T

= Ud

[
1

Ps + P+
w

(
Ωd −

∑D
i=d+1 ωiId

D − d

)]1/2

T ,

(14)

where Ωd is a diagonal matrix with ω1, ω2, . . . , ωd on the
diagonal. From Eqs. (13) and (14), we can deduce

∑D
i=d+1 ωi

D − d
=
(
Ps + P+

w

) (
σ+
)2 − P+

w , (15)

Ωd =
(
Ps + P+

w

) (
A+
)T

A +

∑D
i=d+1 ωiId

D − d
. (16)

Similarly, for low SNR case, the estimators can be ob-
tained by the following equations:

m̄− ≈
∑N

i=1 si

N
√

Ps + P−
w

= m̄+

√
Ps + P+

w√
Ps + P−

w

, (17)

(
σ−)2 =

∑D
i=d+1 ωi/(D − d)+P−

w

Ps + P−
w

=
(Ps + P+

w ) (σ+)2 + P−
w − P+

w

Ps + P−
w

, (18)
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A− = Ud

[
Ωd + P−

w Id

Ps + P−
w

− (σ−)2 Id

]1/2

T

= A+

√
Ps + P+

w√
Ps + P−

w

T . (19)

Therefore, a discriminant function for low SNR is ob-
tained as follows:

d = −N ln
(
Ps + P−

w

)
+ ln

∣∣C−∣∣

+
(√

Ps + P−
w x −

√
Ps + P+

w m̄+
)T

U
(
C−)−1

UT

×
(√

Ps + P−
w x −

√
Ps + P+

w m̄+
)

, (20)

where

C− =

⎡

⎢⎣
Ωd + P−

w Id (∑D
i=d+1 ωi

D − d
+ P−

w

)
ID−d

⎤

⎥⎦ .

Note that there is only a single unknown variable P−
w

in the above equation, our scheme is to find P−
w by

minimizing Eq. (20) given a test data sample. Obvi-
ously, some single-variable minimization method can be
used directly to solve this problem. Considering that the
above algorithm is time-consuming and may suffer from
local minimum, an approximated solution is suggested
in the following, which is much faster though not op-
timal. Let us rewrite Eq. (20) as a sum of individuals
along HRRP range cells,

d =
D∑

i=1

[
− ln

(
Ps + P−

w

)
+ ln

(
ω′

i + P−
w

)

+
1

ω′
i + P−

w

(√
Ps + P−

w x −
√

Ps + P+
w m̄+

)T

×uiu
T
i

(√
Ps + P−

w x −
√

Ps + P+
w m̄+

)]

Δ=
D∑

i=1

di, (21)

where ω′
i = ωi, if i � d; otherwise, ω′

i =∑D
i=d+1 ωi/(D − d). ui is the ith eigenvector of sample

covariance matrix at high SNR. As a matter of fact, it
is difficult to minimize Eq. (21) through usual algebra
method, because the derivative of Eq. (21) is a frac-
tion having a polynomial of P−

w ’s 4.5(D − 1) powers
as denominator and a polynomial of P−

w ’s (3)D pow-
ers as numerator. Nevertheless, a phenomenon we no-
tice is that the value P−∗

w at which d is minimum and
P−∗

w,i (i = 1, 2, . . . , D) at which di (i = 1, 2, . . . , D) is
minimum are quite close, and the former is often in the
middle of the latter. Therefore, we try to find P−∗

w,i and

then approximated P−∗
w by using P−∗

w,i .

∂di

∂P−
w

= − 1
Ps + P−

w

+
1

ω′
i + P−

w

[
1 +

(
xTui

)2 −
√

Ps + P+
w m̄+uix

Tui√
Ps + P−

w

]

− 1
(ω′

i + P−
w )2

(√
Ps + P−

w xTui −
√

Ps + P+
w m̄+ui

)2

.

(22)

Let
√

Ps + P−
w = a, then ω′

i+P−
w = ω′

i−Ps+a2, wherein
deduction leads to

∂di

∂P−
w

=
1

a2(ω′
i − Ps + a2)2

{
a3
√

Ps + P+
w m̄+uix

Tui

− a(ω′
i − Ps)

√
Ps + P+

w m̄+uix
Tui

+ a2[(ω′
i − Ps)((xTui)2 − 1) − (Ps + P+

w )(m̄+ui)2]

− (ω′
i − Ps)2

}
. (23)

Since a2(ω′
i − Ps + a2)2 > 0, the minimum is achieved

when the numerator equals 0. This cubic equation can
be solved by Cardano formula. By analysis of the three
roots and the boundary points (it is lengthy but of com-
mon mathematical method, we do not list them here to
save space), P−∗

w,i is obtainable. In this paper, we simply
approximately P−∗

w by

P−
w =

D∏

i=1

(p−w,i)
1/D. (24)

4 Experimental results

The measured data used to evaluate the performance
of proposed algorithm in this paper is same as the data
used in Ref. [7]. In Fig. 2, we give the average correct

Fig. 2 Recognition performance for different algorithms under
noisy case
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recognition rate (ACRR) for different recognition algo-
rithms for different SNR levels. “Known noise” means
that we get different SNR level training data and test
the classifier by using the test samples with the same
SNR level. “Adaptive noise” denotes using training data
with high SNR and estimating P−∗

w,i by minimizing Eq.
(20) for test data. “Fast algorithm” denotes using train-
ing data with high SNR and estimating P−∗

w,i by using
approximated algorithm based on Eq. (24). “Mismatch
noise” denotes using training data with high SNR and
applying the classifier directly to the low SNR data. The
superiority of our two robust algorithms is clear: they
are close to the “known noise” case, and much better
than the “mismatch noise” case, especially in SNR range
[5 dB, 25 dB] which may be the most useful SNR level
in practice. However, the performance of fast algorithm
seems not quite good at high SNR level, because the
parameters estimated based on single test data sample
may have larger variance values, comparing with that
of the parameters estimated by the high SNR training
data samples. In real applications, one can choose the
recognition algorithm based on a rough SNR estimate
results.

5 Conclusion

We give a brief overview for the statistical modeling al-
gorithms for HRRP recognition. For applications, it is
very important to identify a target at longer distance;
therefore, noise robust recognition algorithm is practical
useful. We developed a noise robust algorithm for PPCA
model, in which, the noise-related parameters are esti-
mated based on the test data sample, and the classifier
is performed by using the updated model with the esti-
mated parameter. The simulated results based on mea-
sured HRRP data show that the proposed methods have
inspiring recognition performance for the low SNR data.
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