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We propose an efficient technique for target classification using one-dimensional high resolution range profile (HRRP). The
proposed technique utilizes the unitary estimation of signal parameters via rotational invariance techniques (ESPRIT) algorithm
to extract scattering centers and then reconstruct superresolution range profiles. Moreover, we employ the central moments to
provide translation invariant and scale invariant feature vectors. Finally, the proposed unitary ESPRIT (U-ESPRIT) based range
profile reconstruction method is applied to the simulated annealing resilient backpropagation (SARPROP) classification algorithm
to evaluate the recognition performances. Recognition results using four different aircraft models are presented to assess the
effectiveness of the proposed technique, and they are compared with those of the conventional range profiles obtained by fast
Fourier transform (FFT). Comparison results on simulated data show that the HRRP reconstruction method is better than directly
using HRRP in targets classification.

1. Introduction

High resolution range profile (HRRP) can reflect the radar
radiation, that is, the scatters, which are projected onto
the line of sight. Therefore, HRRP has wide applications in
automatic target recognition (ATR) field since Li and Yang
[1] proposed this for the first time.

However, there are two major challenges to use the range
profile in target recognition. One is that it is highly aspect
dependent and with large data storage. One solution to over-
come this is to extract aspect invariant features from HRRP.
Moments and functions of moments have been utilized as
features in a number of applications to achieve invariant.
There are several moments that could be used to guaran-
tee the translation, scale, contrast, and rotation invariance
including regular moments, Humoments, Zernikemoments,
rotational moments, and complex moments. In this work,
we propose only using the simple central moments to satisfy
the translational invariance.The other challenge is resolution
limitation, which significantly impacts the recognition results
[2]. Several research works proposed improving the range

resolution through superresolution techniques such as Mul-
tiple Signal Classification (MUSIC) [3], maximum likelihood
[4], maximum entropy method [5], and Prony [6]. However,
there are limited studies about their applications to target
recognition. Reference [2] has used MUSIC in range profile
recognition but suffers from several difficulties. First, the
scattering number is set to a constant value of 30, which may
lead to scattering center mismatch. Second, the amplitude
of MUSIC method cannot provide the amplitude of the
range profile. Additionally MUSIC method has to involve an
exhaustive searching procedure, thus requiring much more
hardware for computation and storage.

Among several superresolution algorithms, unitary
ESPRIT offers numerous advantages over other recently
proposed ESPRIT [7] based closed-form techniques. First,
the conjugation of observed data is used to extend the
efficient data, which can increase the estimation accuracy
of conventional least squares ESPRIT (LS-ESPRIT) or total
least squares ESPRIT (TLS-ESPRIT) [8]. In addition, it is
efficiently formulated in terms of real-valued computation
throughout [9].
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In this paper, unitary ESPRIT is successfully utilized in
step frequency radar for scattering center extraction.Thenwe
reconstruct the HRRP by means of the extracted scattering
centers for target recognition. Moreover, due to the fact
that there are only several isolated scattering centers at
each aspect, the storage burden can be reduced in comparison
with the conventional HRRP based classification method. At
the same time, according to the reconstruction theory of
the scattering centers, only the main components of signal
are reconstructed; therefore better classification performance
result can be achieved. Finally, classification performance
under the same situation was compared between FFT based
HRRP and reconstructed HRRP. The results of the range
profiles of four targets show that unitary ESPRIT can get
higher correct classification rate and is more robust to SNR.

2. Principle of Target Recognition Algorithm

2.1. Unitary ESPRIT for Scattering Center Extraction. The
extraction of radar target scattering centers plays an impor-
tant role in target classification, identification, recognition,
and remote sensing fields. In this section, we briefly review
the procedure of scattering center extraction method using
unitary ESPRIT.

(1) Assuming a complex-valued data matrix V𝑁(𝜓) satis-
fies the invariance relationship given by

𝑒𝑗𝜓𝐽𝑠1V𝑁 (𝜓) = 𝐽𝑠2V𝑁 (𝜓) (1)

𝐽𝑠1 and 𝐽𝑠2 are defined as

𝐽𝑠1 = [I𝑁−1 0] ∈ 𝑅(𝑁−1)×𝑁
𝐽𝑠2 = [0 I𝑁−1] ∈ 𝑅(𝑁−1)×𝑁, (2)

where I is identity matrix. We define 𝑄𝑁 as [10]
Q2𝑀 = 1√2 [

I𝑀 𝑗I𝑀
Π𝑀 −𝑗Π𝑀] (3)

if𝑁 = 2𝑀 or

Q2𝑀+1 = 1√2
[[[
[

I𝑀 0 𝑗I𝑀
0𝑇 √2 0𝑇

Π𝑀 0 −𝑗Π𝑀
]]]
]

(4)

if𝑁 = 2𝑀 + 1.Π𝑀 is the𝑀×𝑀 exchange matrix with ones
on its antidiagonal and zeros elsewhere. 0 is a column vector
of zeros.Q𝐻𝑁 is a sparse unitary matrix that transforms V𝑁(𝜓)
into a real-valued manifold; 𝑑𝑁(𝜓) = Q𝐻𝑁V𝑁(𝜓), where the
operator (⋅)𝐻 denotes complex conjugate transpose. Then, it
is easy to obtain

tan(𝜓2 )K1𝑑𝑁 (𝜓) = K2𝑑𝑁 (𝜓) . (5)

Κ1 and Κ2 are defined as [11].

Κ1 = Re {Q𝐻𝑁−1𝐽(𝑁)𝑠2 Q𝑁}
Κ2 = Im {Q𝐻𝑁−1𝐽(𝑁)𝑠2 Q𝑁} . (6)

(2) Consider an𝑁 × �̂� real-valued matrix

V𝑅 (𝜓) = [𝑑𝑁 (𝜓𝑘)]�̂�𝑘=1 , (7)

where �̂� is the estimated number of scattering centers, which
can be detected by Gerschgorin disk estimator (GDE) [12].
Then, substituting (7) into (5) implies the following relations:

Κ1V𝑅 (𝜓)Ω𝜓 = Κ2V𝑅 (𝜓) , (8)

where

Ω𝜓 = diag {tan(𝜓𝑘2 )}�̂�
𝑘=1

. (9)

(3) Let ÛRS = V𝑅T, where ÛRS represents the signal
eigenvectors and T is an unknown �̂� × �̂� real-valued
matrix. Substituting V𝑅 = ÛRST−1 into (8) yields the signal
eigenvector relations

Κ1ÛRSΨ = Κ2ÛRS (10)

with

Ψ̂ = T−1Ω𝜓T (11)

and Ψ̂ can be solved with least square criterion.
(4) Compute �̂�𝑘|�̂�𝑘=1 as the eigenvalues of Ψ̂, and the

spatial frequencies are estimated as

�̂�𝑘 = 2 tan−1 {�̂�𝑘}�̂�𝑘=1 . (12)

According to (12) the estimation of 𝑟𝑘 is
𝑟𝑘 = �̂�𝑘(−4𝜋Δ𝑓/𝑐) , (13)

where 𝑟𝑘 is the radial location of the scattering centers andΔ𝑓
is frequency step.

(5) The last step is amplitude estimation, which can be
accomplished through least square criterion by means of the
estimated locations of the target.

2.2. HRRP Reconstruction. Assume that there are 𝐾 point
scattering centers along the down range locating at different𝑟𝑘 locations, and the backscattered field at the far field can be
approximated as [13].

𝑋(𝑓) = 𝐾∑
𝑘=1

𝜎𝑘 exp(−𝑗4𝜋𝑟𝑘𝑓𝑐 ) , (14)

where 𝑓 is the frequency, 𝑐 is the velocity of light, and 𝜎𝑘
and 𝑟𝑘 are the scattering strength and down range of the
kth scattering center, respectively. Once the scattering centers
are extracted, the reverse process, that is, reconstruction of
the HRRP, can be readily done in real time by means of the
extracted scattering centers.

𝑋(𝑓) = �̂�∑
𝑘=1

�̂�𝑘 exp(−𝑗4𝜋𝑟𝑘𝑓𝑐 ) , (15)

where �̂�𝑘 and 𝑟𝑘 are the estimated scattering strength and
down range of the kth scattering center, respectively. To
summarize, it has been shown that a sparse model based on
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Figure 1: Four 3D models of the targets: (a) Target 1, (b) Target 2, (c) Target 3, and (d) Target 4.

scattering center representation can be constructed. Further-
more, this model can be used to reconstruct HRRP with a
very fine resolution and good fidelity.

2.3. Feature Extraction Based on Central Moments. Feature
analysis and extraction play significant role in HRRP ATR.
Central moments are available for this issue, and they were
firstly used to describe the features of two-dimensional (2D)
image signal [14]. They are invariant against translation,
rotation, and scaling and are suitable for the representation
of any shape [15]. In this study, we only use translational
and scale invariance to recognize one-dimensional scattering
center patterns, which is available using central moments
[16]. Next, central moment features of normalized range
profiles are computed to provide translational invariance.
After the normalization of amplitude of each scattering center
with the maximum amplitude, the 𝑝th order central moment
of the given one-dimensional scattering center distribution
can be computed by [17]

𝜇𝑝 = 𝐿∑
𝑘=1

(𝑟𝑘 − 𝜂𝑟)𝑝 [ 𝑎𝑘∑𝐿𝑘=1 𝑎𝑘] , 𝑟𝑘 ∈ [0, 1] , (16)

where

𝜂𝑟 = 𝐿∑
𝑘=1

𝑟𝑘 [ 𝑎𝑘∑𝐿𝑘=1 𝑎𝑘]
𝑟𝑘 = 𝑟𝑘𝑅𝑢 , 𝑘 = 1, 2, . . . , 𝐿

𝑎𝑘 =
𝑎𝑘𝑎𝑘max

, 𝑘 = 1, 2, . . . , 𝐿
(17)

and |𝑎𝑘|max is the maximum magnitude in the estimated𝐿 amplitudes |𝑎𝑘| from range profile vectors. 𝑅𝑢 is the
maximum unambiguous range. Using the central moments
in (16), the feature vector 𝐹 can be represented as

𝐹 = [𝜇1, 𝜇2, . . . , 𝜇𝑝max
]𝑇 , (18)

where 𝑝max is the maximum order of central moments used
to form a feature vector, which is set to 20 in this paper.

2.4. SARPROP Neutral Network. Classification algorithms
based on feed-forward neural networks play an important
role in radar HRRP target recognition. Therefore, in the
classification phase, we use the SARPROP Neutral Net-
work classification algorithm to evaluate the recognition
performances of FFT based HRRP and reconstructed HRRP.
Although gradient descent is the most commonly used
method for training feed-forward neural networks, it suffers
from the problem of converging to local minima with non-
ideal performance. This problem can be overcome through
the use of global optimization [18]. By combining gradient
descent with the global optimization technique of simulated
annealing (SA), SARPROP [19] can not only escape local
minima but also maintain and improve the training times of
the resilient backpropagation (RPROP) algorithm. Reference
[20] is available for more details about SARPROP algorithm.
In this paper, we used similar parameters setting as [20].
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Figure 2: Normalized range profiles obtained by FFT with no noise: (a) Target 1, (b) Target 2, (c) Target 3, and (d) Target 4.

3. Simulation Results

3.1. Data Description. The 2D backscatters distribution data
of four different scaled aircraft models (e.g., Targets 1, 2, 3,
and 4) are used in the simulation. The range profiles are
from aspects that vary from 0 to 180 degrees (0 is head
direction) with an interval of 0.5 degrees. Therefore, the data
set consists of 1440 samples altogether for four targets. The
three-dimensional (3D) models of the targets are illustrated
in Figure 1.

The radar transmitter sends out stepped frequency at
starting frequency of 3.25GHz and HH polarization was
used. Note that the size of each target is merely about 50
wavelengths.The frequency bandwidth is 400MHz and pulse
duration of single pulse is 25.6 𝜇s. A total of 128 stepped
frequency waveforms are transmitted at each azimuth.
Before target recognition experiments, the data set for each
aircraft model is divided into training subset and test subset
in the proportion of 1 : 6. The training data are selected

by the equal interval partition method with each azimuth
containing 50 HRRP samples, resulting in the total of 200
samples. The test set at each signal-to-noise ratio (SNR)
consists of 300 range profiles for each target, thus with 1200
samples in total. Hence the training set size is only 16.67% of
the overall data.

3.2. HRRP Reconstruction Results. SNR is a key factor that
impacts the recognition performance. In this section, Gaus-
sian noise is added to the simulated target signature data with
certain SNR defined by

SNR = 10 × log 10(𝐸𝑠𝜎2𝑛) , (19)

where𝐸𝑠 is the total energy of the frequency domain data and𝜎2𝑛 is the variance of the additive noise.
It can be observed from Figure 2 that the normalized

range profiles using FFT is simulated, and the HRRP at
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Figure 3: Normalized range profiles obtained by unitary ESPRIT and FFT with SNR equaling 5 dB at an azimuth of 30 degrees: (a) Target 1,
(b) Target 2, (c) Target 3, and (d) Target 4.

each azimuth is reconstructed using the unitary ESPRIT
based method. An example (at azimuth of 30 degrees) is
given in Figure 3. From the reconstructed results, we can
conclude that the proposed method could not only rebuild
the superresolution HRRP but also reduce the adaptive noise
efficiently.

3.3. Recognition Performance Comparison against Noise.
After each HRRP is reconstructed successfully, the recogni-
tion procedure can be readily done. To assess the feasibil-
ity and accuracy of the proposed algorithm in enhancing
the classification rate of HRRP, we apply SARPROP to
reconstructed HRRP classification and evaluate its perfor-
mance compared with directly using HRRP. The testing
samples of the four aircraft models are contaminated by

independent additive white Gaussian noise (AWGN) to
achieve the desired SNR from 0 to 50 dBwith a 10 dB interval.
To guarantee the accuracy of the recognition rate, we per-
formed 20 timesMonte Carlo simulations. It is demonstrated
that reconstructed HRRP has better antinoise performance
and greater classification potential than original HRRP. As
shown in Figure 4, the reconstructed HRRP can achieve
higher classification rates than original HRRP in all different
SNR scenarios. It also shows that the performance of the
proposed method is independent of SNR.

4. Conclusion

Wepresented a new noise-robustmethod for the radarHRRP
recognition by means of unitary ESPRIT to improve the
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Figure 4: The average recognition rates of original method and our method for four targets versus SNR: (a) Target 1, (b) Target 2, (c) Target
3, and (d) Target 4.

classification performance.The proposedmethod focused on
the improvement of the classification performance through
enhancing the resolution and reducing storage burden.
The method would use unitary ESPRIT method to extract
the scattering centers accurately along the aspect in the
first stage and reconstruct the HRRP by means of the
extracted scattering centers, that is, locations and amplitudes
in the second stage. Experimental results showed that the
proposed classification scheme could achieve better antinoise
performance than the original method and has potential in
radar HRRP classification. By adopting SARPROP Neutral
Network, targets can be effectively classified via employing

the reconstructed HRRP, thereby improving systems accu-
racy.
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[13] Özdemir C., Inverse Synthetic Aperture Radar Imaging With
MATLAB Algorithms, Jone Wiley & Sons, Hoboken, NJ, USA,
2011.

[14] J. Flusser, T. Suk, and S. Saic, “Recognition of blurred images
by the method of moments,” IEEE Transactions on Image
Processing, vol. 5, no. 3, pp. 533–538, 1996.

[15] S. Luo and S. Li, “Automatic target recognition of radar HRRP
based on high order central moments features,” Journal of
Electronics, vol. 26, no. 2, pp. 184–190, 2009.

[16] M. K. Hu, “Visual pattern recognition by moment invariant,”
IRE Transactions of Information Theory, vol. 8, no. 2, pp. 179–
187, 1962.

[17] X. Liu, M. Gao, and X. Fu, “Application of HRRP even rank
central moments features in satellite target recognition,” in
Proceedings of the RADAR 2007 - The Institution of Engineering
and Technology International Conference on Radar Systems, pp.
1–4, October 2007.

[18] N. K. Treadgold and T. D. Gedeon, “The SARPROP algorithm:
a simulated annealing enhancement to resilient back propaga-
tion,” in Proceedings the Int . Panel Conf. Soft and Intell. Comput,
pp. 289–293, Budapest, Hungary, 1996.

[19] N. K. Treadgold and T. D. Gedeon, “Simulated annealing and
weight decay in adaptive learning: The SARPROP algorithm,”
IEEE Transactions on Neural Networks, vol. 9, no. 4, pp. 662–
668, 1998.

[20] M. Riedmiller and H. Braun, “A direct adaptive method for
faster backpropagation learning: the RPROP algorithm,” in
Proceedings of the IEEE International Conference on Neural
Networks (IJCNN ’93), vol. 1, pp. 586–591, IEEE, San Francisco,
Calif, USA, March-April 1993.



Robotics
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

 Active and Passive  
Electronic Components

Control Science
and Engineering

Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

International Journal of

Rotating
Machinery

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation 
http://www.hindawi.com

 Journal of

Volume 201

Submit your manuscripts at
https://www.hindawi.com

VLSI Design

Hindawi Publishing Corporation
http://www.hindawi.com Volume 201

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Shock and Vibration

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Civil Engineering
Advances in

Acoustics and Vibration
Advances in

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Electrical and Computer 
Engineering

Journal of

Advances in
OptoElectronics

Hindawi Publishing Corporation 
http://www.hindawi.com

Volume 2014

The Scientific 
World Journal
Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2014

Sensors
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Modelling & 
Simulation 
in Engineering
Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Chemical Engineering
International Journal of  Antennas and

Propagation

International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Navigation and 
 Observation

International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Distributed
Sensor Networks

International Journal of


