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Abstract: With the improvement of radar resolution, the dimen-
sion of the high resolution range profile (HRRP) has increased. In
order to solve the small sample problem caused by the increase
of HRRP dimension, an algorithm based on kernel joint discrimi-
nant analysis (KJDA) is proposed. Compared with the traditional
feature extraction methods, KJDA possesses stronger discrimina-
tive ability in the kernel feature space. K-nearest neighbor (KNN)
and kernel support vector machine (KSVM) are applied as feature
classifiers to verify the classification effect. Experimental results
on the measured aircraft datasets show that KIDA can reduce the
dimensionality, and improve target recognition performance.
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1. Introduction

High resolution range profile (HRRP) reflects physical
structure information through the distribution of target
scattering centers along the radar line-of-sight. Therefore,
HRRP plays an important role in radar automatic target
recognition (RATR) [1-4].

With the improvement of radar resolution, the target
structure information contained in the HRRP becomes
richer, which will burden the storage system and the clas-
sifier. In addition, when the number of samples is much
smaller than its dimension, it will lead to the small sam-
ple problem [5]. Some linear feature extraction methods
are adopted to resolve the above problems such as prin-
cipal component analysis (PCA) [6,7], linear discriminant
analysis (LDA) [8,9], and so on. They have strong advan-
tages in dimension reduction. However, they are difficult to
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extract nonlinear features from the original data. The non-
linear feature extraction methods can effectively reduce
dimensionality and enhance separability between targets.
Kernel LDA (KLDA) [10,11] extracts the nonlinear dis-
criminant features of the training samples and deal with
the nonlinear classification availably. However, KLDA as-
sumes that homogeneous samples strictly obey Gaussian
distribution in kernel feature space. It is not suitable to
assume that HRRP follows Gaussian distribution. Feng
et al. [12] applied kernel tricks in local sampling mean
discriminant analysis (KLSMDA) which achieved a high
classification accuracy in HRRP target recognition. Never-
theless, KLSMDA is not applicable for solving the small
sample problem.

In order to overcome the small sample problem and re-
duce dimensionality in HRRP target recognition, a new
nonlinear feature extraction method named kernel joint
discriminant analysis (KJDA) is proposed. Different from
other feature extraction methods, it utilizes more poten-
tial information (information captured from global and lo-
cal criterion of input data in kernel feature space), which
may give extra support for strengthening recognition. In
addition, it automatically seeks an appropriate compromise
between global and local criterion based on the essential
characteristics of the data, thereby weakening the interfer-
ence caused by the small sample problem in HRRP target
recognition.

This paper is organized as follows. In Section 2, we give
a rough overview of KLSMDA. In Section 3, we demon-
strate the principles of KIDA. The experimental results of
HRRP target recognition are presented in Section 4. Fi-
nally, conclusions and future work are drawn in Section 5.

2. Brief of KLSMDA

KLSMDA is a feature extraction method optimized by lo-
cal criterion where similarities are evaluated by distances
between neighboring pairs. Assume C'is the number of the
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training data classes, each class is composed of N; (i =
¢]

1,...,C) training samples, and N = Z N; indicates the
i=1

number of all training samples. Let ' € R be a D-
dimensional column vector of the pth sample in the ¢th
class, then z! can be projected to a higher dimensional
feature space H by a mapping function ¢ : ¥ € RP —
¢(z}) € H.

Firstly, we introduce a definition of local sampling
mean. Suppose that the affinity matrix @ can be formed
as

Q(af, x}) = exp(~|lo(x}) — d(x)|3/o1) (D)

where o; is the kernel parameter. Let u‘(ﬁmp Ho=

N
ZQ(fBP /ZQ (z7,x]) be the local sam-
q=1

pling mean of the sample a? for the class j in the kernel
feature space H. If i = 7, ufm§7j) represents x’s homo-
geneous local sampling mean in H; otherwise it is a hete-
rogeneous one.

Secondly, the within-class and between-class scattering
matrices in the kernel space, H, Sg and Sa,, can be de-

fined as

C N;

$-35 3 dhen foted-

i=1 p=1j=1,j#i

(¢(@) = 1l )" 3)
where 'yg(mp n and 'y;fv (b i) ATCs respectively, the weight-
ing parame{ers to describe the separability of between-
class and the similarity of within-class samples through
discrepant vectors in the kernel feature space H .

) e
ijp
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VB(mf,]) [0—2(1 4 n?}p)
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where o4 is the parameter that controls the varying speed
of ”yg (P )" On the summary of the above formulas,
KLSMDA can be defined as

@) =~ ulp gl (6)

vTng
v = argmax

7
v vTS{’fV'U 0

where v can nonlinearly project data :13; onto a lower d-
dimensional column vector ¥, = vT¢(zl) € R? (d <
D). From the theory of reproducing kernels [13], we can
find an expansion for v of the form:

C N; ‘
v=>"3"a,é(x}) = ¢(X)ex
i=1 p=1

st a=[al,...,a5°]". (8)

Using (7), (6) can be changed as

ZZ Z 73(m - (Ear = mar ) (Ear — M)’ o

©)
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ga oT Ky o ga
i=1 p=1
where £,r = [k(a], 7)), . . Lk, 25T € RN with

the introduced kernel functlon k(-,-) [14]; Mgr j) =

N; N.
S Qa2 / Y Q@
q=1 q=1

Finally, (8) can be resolved by utilizing generalized
eigenvalue decomposition Kpa = AKyw . Then, a d-
dimensional column vector y is expressed as

y= quﬁ(m) = aT[k:(w, wi), k(e :cgc)]T. (10)

3. Principles of KJDA

In this section, we introduce the KIDA method to make up
for the drawbacks of the small sample problem and reduce
dimensionality in HRRP target recognition.

Different from KLSMDA and KLDA, KJDA is a fea-
ture extraction method combing global criterion and lo-
cal criterion. Firstly, we introduce definitions of global

N
TRL

and local sampling mean. Let uf’ =N E o(x?) and
it
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C N;

= ¥ LD dlat

i=1 p=1
mean of the ith and all classes in the kernel feature space

H , respectively. The definition of the local sampling mean
u‘fmipyj) in KIDA is in common with the definition in
KLSMDA.

Secondly, the global within-class scattering matrix
Sg - the global between-class one Sgw, the local within-
class one Sf g and the local between-class one wa in the
kernel feature space H are defined respectively as follows:

) represent the global sampling

C
Stp = (1! — pu®)(uf — p?)" (11)
=1
C N;
St = D3 (0(xh) — ) - (p(xh) — )T (12)
i=1 p=1
C N;

Sia=Y0 Y

i=1 p=1 j=1,j#1

(Bla?) — iy ) )(0(ah) —

c N;
Siw = Z Zﬁv(mf,i)(ﬂwﬁ))—

i=1 p=1
Wi o) (O(@]) = il )" (14)

Thirdly, the aim of KJDA is to look for the transforma-
tion v to maximize the scatter of samples from a different
class and minimize the scatter of samples from the same
class, regardless of whether the training sample is suffi-
cient. Thus, the goal of KIDA can be written as

B )" (13)

'UT(S?;B + 5523)1;
'UT(SgW + 5S%W)v

6>0 (15)

v = arg max
v

where § is a non-negative coefficient endowing different
weights to global and local terms for enhancing recog-
nition performance. When § approaches 0, KIDA is es-
timated by argmavaSng/vTSééWv, which is just
equivalent to KEDA; when § approaches 400, KIDA is
approximated by argmax 'UTS?Bv/vTSva, which is
similar to KLSMDA. X proper value of § helps to establish
a suitable mean model criterion for HRRP target recogni-
tion, thereby improving the accuracy of the target recogni-
tion while reducing dimensionality. Then by kernel tricks
and the theory of reproducing kernels [7], the objective
function in (14) can be described as

a’(Kgp + 0K )
oT(Kew + K w)a

(16)

o = arg max
(a7

where Ko, K15, Kaw and K can be calculated as

C

Kap = Z(mZ —m)(m; — m)T a7
i=1
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Meanwhile, m and m, respectively, can be expressed

as ) c N
=22 e @n

i=1 p=1

1 &
m; = E;émf' (22)

KLSMDA gives the definitions of 75 o . Vb (o -
mM(yr j) and Er.

Finally, (15) can be solved by finding the eigenvec-
tors corresponding to the first d largest eigenvalues of
KV_VlK B. Once « is obtained, for any sample 2 € RP
in the original space, a d-dimensional column vector ¢y can
be defined as

m(mipvi)’

y= de)(cc) = aT[k(:c, cc}), oo k(e :cgc)]T. (23)

4. Experiments

The experiments presented in this paper are based on the
measured HRRP data for three types of aircraft [15—18],
including Cessna Citation S/II, Yark-42 and An-26, and the
parameters of the aircraft are given in Table 1.

Table 1 Parameters of three aircraft m
Aircraft Length Width Height
An-26 23.80 29.20 9.83
Cessna Citation S/II 14.40 15.90 4.57
Yark-42 36.38 34.88 9.83

The projections of aircraft trajectories onto the ground
are showed in Fig. 1. All trajectories are segmented, ev-
ery segment has 26 000 original HRRP data. Training set
consists of the sixth segment of An-26, the fifth segment
of Cessna Citation S/II, and the second segment of Yark-
42. The testing set consists of the seventh segment of An-
26, the fifth segment of Yark-42, and the sixth segment of
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Cessna Citation S/IL. In addition, because of the amplitude-
scale and time-shift sensitivities of HRRP, the power spec-
trum of the original HRRP by [5-norm normalization is
used to perform recognition [19].
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Fig. 1 Projections of aircraft trajectories onto ground

Fig. 2 describes the average recognition performance for
the power spectrum using the above six methods: LDA, lo-
cal sampling mean discriminant analysis (LSMDA) [20],
combinatorial discriminant analysis (CDA) [21], KLDA,
KLSMDA and KJDA. It is found that the recognition
performance of nonlinear methods exceeds that of linear
methods in the K-nearest neighbor (KNN) [22] and ker-
nel support vector machine (KSVM) [23]. This is because
the nuclear function can further extract useful information

from the kernel feature space and well describe the non-
linear structure among targets. However, the reason why
recognition accuracy of nonlinear methods by KSVM is
lower than that by KNN is that KSVM performs kernel
tricks again on the HRRP, thereby causing an overfitting
problem.
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Fig. 2 Recognition performance in different methods

Table 2 shows the reduced dimension of the correspond-
ing algorithms. Because the upper bound of the vector
dimensionality is C' — 1 in LDA and KLDA algorithms,
which leads to partial loss of feature information, the clas-
sification accuracy is poor. The LDMA, CDA, KLMDA
and KJDA algorithms not only overcome the drawback of
low reduced dimension, but also relax requirements of the
LDA and KLDA algorithms for data obeying the Gaussian
distribution. Compared with the corresponding algorithms,
the KIDA algorithm can extract global and local informa-
tion. It is the reason that the dimension of projection vec-
tors in KJDA is the highest.

Table 2 Reduced dimension of different algorithms

Algorithm LSMDA CDA KLSMDA  KIDA
Reduced dimension 23 47 29 60

Fig. 3 shows the HRRP target recognition accuracy with
different feature dimensions. From the analysis, the recog-
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nition accuracy of the LSMDA and CDA methods im-
proves with increasing dimensions. However, after a cer-
tain dimension, the recognition performance remains al-
most unchanged. The KLSMDA and KJDA algorithms can
simultaneously extract the linear and nonlinear features of
the training samples. However, as the feature dimension
increases to a certain dimension, the recognition perfor-
mance is reduced. This is because nonlinear feature extrac-
tion methods deeply extract information from the training
sample, resulting in overfitting of the training sample in
the high-dimensional space, so that the test sample may
not have better recognition performance with increasing
dimensions.
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Fig. 3 Recognition accuracy with different dimensions

In order to verify that KIDA can solve sample problems,
we select the top 20%, 40%, 60% and 80% of the train-
ing set as training data, and then use all of the testing set
as testing data to evaluate performances. Experimental re-
sults are shown in Table 3. For adequate training samples,
the optimal ¢ of KIDA approaches +oco, which shows that
local terms play a more important role than global ones.
For insufficient training samples, KJDA still achieves the
best recognition performance. As we all know, insufficient
training samples lead to the small sample problem. In this
paper, the optimal § of KIDA approaching 0 can construct
robust scattering matrices, which offers us a prospective
method to cope with the small problem in HRRP target
recognition.

Table 3 Recognition result on HRRP dataset %
Recognition via training percentage
Algorithm 20% 40% 60% 80%
6 =0.01 =1 § =100 6 = 1000

LDA 70.38 75.73 78.83 80.06
LSMDA 68.99 75.47 83.50 85.12
CDA 70.98 77.90 86.52 86.60
KLDA 81.06 88.65 94.88 97.76
KLSMDA 83.42 88.70 95.04 97.83
KIDA 83.76 90.38 96.21 98.15

5. Conclusions

The KJDA algorithm is proposed to overcome the intrin-
sic drawbacks of LDA, KLDA, LSMDA and KLSMDA.
By trading off the contributions between global and local
terms, KJDA is exploited to search an appropriate mid-
point between global and local criteria to construct robust
scattering matrices, and hence is expected to extract po-
tential information in the high-dimensional space. Com-
pared with other methods in HRRP target recognition, it
shows that KJDA is an effective nonlinear feature extrac-
tion method.
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Although KJDA performs well in the above experi-
ments, there is still an open problem to be addressed next.
There are three free parameters o1, o2 and § in our work,
and it is timing-consuming to properly select them, espe-
cially the choice of 4. Besides, detecting an exact non-
negative coefficient  to endow different weights to global
and local terms can provide a good discriminability in dif-
ferent targets. Consequently, how to design a simple and
efficient feature extraction method to be applied in the ac-
tual situation is still a challenge.
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