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Abstract

High-frequency surface wave radar (HFSWR) has a vital civilian and military significance for ship target detection and
tracking because of its wide visual field and large sea area coverage. However, most of the existing ship target detection
methods of HFSWR face two main difficulties: (1) the received radar signals are strongly polluted by clutter and noises,
and (2) it is difficult to detect ship targets in real-time due to high computational complexity. This paper presents a ship
target detection algorithm to overcome the problems above by using a two-stage cascade classification structure. Firstly, to
quickly obtain the target candidate regions, a simple gray-scale feature and a linear classifier were applied. Then, a new
error self-adjustment extreme learning machine (ES-ELM) with Haar-like input features was adopted to further identify the
target precisely in each candidate region. The proposed ES-ELM includes two parts: initialization part and updating part.
In the former stage, the L regularizer process is adopted to find the sparse solution of output weights, to prune the useless
neural nodes and to obtain the optimal number of hidden neurons. Also, to ensure an excellent generalization performance
by the network, in the latter stage, the parameters of hidden layer are updated through several iterations using L, regularizer
process with pulled back error matrix. This process yields appropriate output weights and the appropriate hidden weights.
Experimental results show that (1) compared with standard ELM, our proposed ES-ELM has higher classification accuracy
and training efficiency, and the generalization performance is not sensitive to regularization parameter, (2) the proposed ship
target detection algorithm based on ES-ELM outperforms most of the state-of-the-art methods for detection accuracy and
computational efficiency.

Keywords Extreme learning machine (ELM) - High-frequency surface wave radar (HFSWR) - Target detection -
Range-Doppler (RD) image - Cascade classifier

Introduction useful in many applications, such as ship detection and

tracking objects that are beyond the line-of-sight. Conse-
The high-frequency surface wave radar (HFSWR), which ~ quently, HFSWR systems recently became an operational
is based on electromagnetic wave propagation along the  tool for coastal monitoring worldwide. However, as com-
salty ocean surface due to wave’s conductivity, provides a  pared to the detection environment of other sensors, that
unique capability to observe far beyond the conventional = of HFSWR is more complex because various clutters, such
microwave radar coverage [1, 2]. This property is most  as sea clutter, ionospheric clutter, radio frequency interfer-
ence, and background noises often appear together in one
frame. Therefore, maritime target detection by HFSWR has
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method to find the adaptive threshold, and it can be adopted
in the cases where more than one target is presented in
the reference window. In 2012, Gui [6] introduced a new
two-dimensional detector, which can process the radar sig-
nal both in Doppler shift direction and range direction.
Based on [6], Liang [7] utilized curve fitting as the pre-
processing step to both weaken clutter and removed back-
ground noise, which significantly improved the detection
results. However, these improved one-dimensional and two-
dimensional CFAR-based methods still face challenges in
radar applications due to the strong influences of clutter and
noise.

For the RD image processing-based methods, Grosdi-
dier and Baussard [8] proposed a ship target detection
method based on morphological component analysis. In
addition, Jangal et al [9, 10] analyzed the differences in
geometrical feature and intensity distribution to separate
targets from the background, and proposed a target detec-
tion approach by using one-dimensional wavelet transform.
Based on Jangal’s method [9], Li et al [11] proposed an
automatic target detection method based on discrete wavelet
transform (DWT), where the optimal scale of DWT can be
automatically determined to separate ship targets from the
others. In brief, the RD image processing-based methods are
promising for weak targets detection with low SNR back-
ground, and can achieve better detection performance than
CFAR-based methods. However, such methods concentrate
too much on detection performance, thereby limiting their
real-time practical applications due to the complexity of the
algorithm.

In general, the shortcomings for these two categories
are twofold: poor real-time performance and low detection
accuracy. The goal of this paper is to develop a machine
learning-based method that can provide both high detection
performance and high real-time performance. To ensure
the algorithm has better ship detection accuracy, a new
error self-adjustment extreme learning machine (ES-ELM)
network that acts as a refined classifier is applied to identify
weak targets precisely in high-clutter harsh background. In
addition, to improve the real-time detection performance, a
two-stage cascade classification structure including linear
classifier and ES-ELM network is proposed. To be more
precise, the cascade strategy refines the roughly detected,
which means that the linear classifier can extract candidate
targets with high efficiency and the ship targets can be
refined by ES-ELM network.

As is known to all, the machine learning methods
have been adopted in many research areas [41, 42], and
extreme learning machine proposed by Huang et al [12-
16] is a famous machine learning-based artificial neural
network, and has been adopted in subspace learning [17],
feature learning and classification [18], online data learning
[19], etc. Although the ELM has many advantages, the

following two issues mainly limit its practical applications.
(1) The first one is how to determine the minimum hidden
nodes required without impacting the learning effectiveness.
For this purpose, many approaches, such as enhanced
incremental ELM (EI-ELM) [20], convex incremental ELM
(CI-ELM) [21], optimal pruned ELM (OP-ELM) [22],
and error-minimized ELM (EM-ELM) [23] were proposed.
Nevertheless, these ELMs are usually time-consuming,
since they find the suitable hidden neurons with several
optimization processes. (2) The second one is how to select
the proper regularization parameter C in ELM training.
Although there are several selection methods [27, 28] that
can be employed, whether the determined C is optimal
remains unknown, so the trial-and-error method is usually
adopted by most users.

Based on the above analysis, the contribution of this
paper can be summarized as follows.

(1) A new network named ES-ELM is proposed. In
the proposed ES-ELM, the L; regularizer process is
applied to find the sparse solution of output weights,
so that the optimal number of hidden neurons can
be obtained. In addition, the hidden parameters of
hidden layer are updated by several iterations with
L, regularizer process and by pulled back error
matrix, thereby obtaining not only the appropriate
output weights but also the appropriate hidden
weights. Moreover, the regularized parameter C in the
structure of ES-ELM is not sensitive to generalization
performance.

(2) A novel RD image ship target detection method is
presented. The linear classifier is applied as the first-
stage classifier, with which the prediction of this
network is ambiguous, but shows higher classification
efficiency, which means that this network is easy to
design and can remove useless patterns with great
speed. More importantly, the second-stage classifier in
the proposed ES-ELM can extract ship targets from
the ambiguous result precisely, so that the proposed
method gives acceptable detection performance.

The rest of this paper is organized as follows. In the
“Background” section, we have a brief review of ELM and pro-
vide a brief description of our problems. In the “Framework
of the Proposed Ship Target Detection Algorithm” section,
we have a diagram of the proposed algorithm. The first stage
of the cascade classifier for ship target detection is described
in “Linear Classifier.” The Haar-like descriptor is shown in
“Feature Extraction by Haar-Like Descriptor.” The detail of
the proposed ES-ELM structure is presented in “Proposed
Error Self-adjustment Extreme Learning Machine Classifier.”
The “Experimental Verification” introduces the experimen-
tal results of the proposed ES-ELM and the proposed ship
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detection method, respectively. Finally, the conclusion is
given in “Conclusion.”

Background
Review of ELM

ELM developed by Huang et al [12-15, 36] is a kind of
SLEN, where only the output parameters are required to
be trained while no training is required for the hidden
layer parameters. In [37] and [38], Bartlett mentioned
that the classifier has much smaller squared error on
classification problems if the trained structure has smaller
weights dimension. The attempt to keep the dimension of
weight small leads to better generalization performance, and
these theories correspond with ELM structure. Therefore,
the goal of ELM is not only to reach the minimum training
error, but also ensure the smallest norm of output weights.

Minimize : |8]]? + C|[HB — T|* (1

where H is the feature mapping matrix of hidden layer,
B is the parameters of output layer. T is the expected
training output, and C is a positive value, that is, regularized
parameter.

Review of Sub-network ELM

Recently, a more interesting structure in which a hidden
node itself can be substituted by a sub-network has
been introduced. In that structure, each sub-network is
constituted by several hidden nodes, and the sub-networks
are added to neural network one-by-one based on the pulled
back error matrix [24, 25]. The parameters for added sub-
network node is calculated by least square method.

an = eq_1-x (C/T+xx")7! 2)

where x is the input data, a, is the weight of new sub-
network, e,_; is the residual error of current network,
xI'(Cc/1 + xxT)~! is the Moore-Penrose generalization
inverse of the training samples.

Experiments showed that the learning speed of this
method can be hundreds of times faster than the other
ELMs, and the generalization performance better than that
of the other learning methods that have hundreds of hidden
nodes. In addition, this method has been explored further to
construct the more complex stacked auto-encoder [26] and
multi-layer network in feature representation [39].

In its structure, the number of the hidden neurons in each
sub-network can be flexible and experiments indicate that
sub-network ELM with m(m is equal to output dimension)
hidden nodes give significantly better result in most data
sets.

@ Springer

Problem Statement

The general ship target detection scenario of a HFSWR
is illustrated as Fig. la. A typical HFSWR generated RD
image is shown in Fig. 1b, which represents the power
spectral density of the received signal according to the radar
range and the Doppler frequency shift [1]. As seen from
Fig. 1a, ship targets can be seen as isolated vessels moving
in a predetermined direction, while the clutter has various
returns decided by the spatial distribution of the sea waves
which generate resonance scattering [2]. The receiving
array detectors of a shore-based HFSWR system formed
by omnidirectional antennae are a complicated device with
many inductors and capacitors. These antennas line up
in an array with several basic elements and are spaced

a
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Fig.1 a Sketch of detection scenario; b RD image for azimuth index 5
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at homogeneity interval. In addition, the perpendicular
direction to the receiving array is regarded as the azimuth
reference.

The Doppler frequency shift, which describes the differ-
ence between the original transmitted frequency and the
final received frequency, is a direct indication of the object’s
speed along the radial direction. Figure 1b is an RD image
for azimuth index 5. We know that an RD image of a
HFESWR generally contains not only the ship targets but also
the interference elements, such as land clutter, sea clutter,
ionospheric clutter (meteor clutter), and background noises.
Since the ship target’s radar signal has backscattering char-
acteristic, the signature of targets in the RD image present as
a kind of slightly extended point peak. On the contrary, the
land clutter and sea clutter exhibit banded regions along the
range direction, and the ionospheric clutter is ridged regions
in the direction of Doppler frequency shift.

Framework of the Proposed Ship Target
Detection Algorithm

Our goal is to extract and identify the ship targets from
a complex background. Considering that ship targets and
clutters have different morphological characteristics. In this
paper, a machine learning-based method is proposed for fast
detection of ship targets. All the original RD images are
converted into gray images linearly, which are transformed
from RD power level ranging from Pmin dB to Pmax dB to

Fig.2 Framework of the
proposed ship target detection
method -

Gray-scale Feature

gray level from O to 255. The block diagram of the proposed
framework is shown as Fig. 2.

As can be seen from the diagram, our proposed algorithm
consists of two core models: a first-stage classifier and
a second-stage classifier. The former is a linear classifier
with one-dimensional gray-scale feature. The purpose of
this classifier is to quickly remove the background area, to
precisely maintain the highlighted ship targets area (non-
background area) in an RD image. In other words, this
linear classifier improves the real-time performance of the
proposed RD image-based ship targets detection method
to an acceptable level. The latter is an elaborate classifier,
i.e., ES-ELM network. Its input feature is a 49-dimensional
feature vector computed by Haar-like descriptor, and in
its output, it adds labels to indicate whether this part is
a ship target or not. The objective while designing ES-
ELM network was to ensure our method detects ship targets
accurately and reliably in the highlighted ship target’s area.

Linear Classifier

Generally, as seen from Fig. 1b, the gray level of
background of an RD image is of a much lower value than
that of the targets and the clutter. That is, the gray levels
with smaller values are associated with the background
components, and the gray levels with larger values could
be the targets regions or clutter areas. Therefore, a linear
classifier with the one-dimensional RD power level feature

Training Stage

Xz
First-stage » » Second-stage
Classifier Haar-like Classifier
(Linear T Descriptor ] (Proposed T
Classifier) » » ES-ELM)
F,
) 4
Recognition Stage Output
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is applied for preliminary selection of the candidate target
regions to eliminate the substantial background pixels and
improve the detection efficiency.

In 2001, Viola and Jones first introduced AdaBoost
method into human face detection [29], which represents
a milestone in the real-time detection technology. Based
on AdaBoost, the learning algorithm can select a small
number of critical visual features and yields extremely
efficient classifiers [30]. For each feature, a weak learning
method is applied to determine the optimal threshold, and
the minimum misclassified samples are performed.

Based on the concept of weak learning algorithm, a linear
classifier is employed to remove the background region
from an RD image. Given N distinct training samples, the
designed linear classifier is shown as follows:

Non-background, g(x;) > T

Background, g(x;) < T @)

h(x;) = {
where x; is the reference pixel, g(x;) is the gray-scale
feature of the reference pixel, k(x;) is the output of linear
classifier, and T is the threshold of the linear classifier
obtained by the following training steps.

1) Obtaining the gray scale of each reference pixel, and
sorting them in ascending order, denoted as #;, 1 < i <
N.

2) Setting the optimal weight w; of each sample,
calculating the sum weight of background samples 7.
To retain the non-background component such as the
targets, sea clutter, ground clutter to the extent possible,
in our algorithm, the weights for non-background
samples are set to 1, while the background weights are
set to 0.01.

Np
=D hixw 4)
i=1

where N}, is the number of background samples.
3) Fori=1,.. N,do

a. Calculating the weighted sum of the non-background
patterns and the background pattern prior to ¢;, are
denoted as S+ and S, respectively.

Nnb

np
zztjij,S_Zthij 5)
=1 =1

where nyp, is the non-background samples prior to
t;, while ny, is the background samples prior to ¢;.

b. Additionally, the current objective function e; is
evaluated with respect to S'*, §'~, T~. To be more
precise, the error function is mainly connected to
the weighted sum of non-background patterns prior
to #; as well as the background patterns after #;.

e =STH+ T —-857) (6)
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4) After step 3), a sequence ¢;(1 < i < N) is obtained.
The optimal threshold T is given When the objective
function reaches the least value.

(T~ —57))
T =1 ™)

A

i = argm_in{SH' +
l

Feature Extraction by Haar-Like Descriptor

The movement of ship targets in a coherence accumulation
period will result in energy spreading in corresponding
range of cells, thus exhibiting isolated peak regions in an RD
image. Background noises are the superposition of external
electromagnetic noise, cosmic noise, and internal noise.
Thereby, they appear as isolated points of lesser intensity
and variety than that of targets in an RD image. Since the
magnitude of clutter varies slowly with regard to range axis
or Doppler frequency shift axis, the information is a kind of
banded region with slight change. Above all, the ship targets
of HFSWR have different texture features that are different
from other components of an RD image. Therefore, we
employ Haar-like descriptor [31, 32] to extract local texture
feature to identify ship targets precisely.

The concept of Haar-like feature descriptor was first
proposed by Papageorgiou [33], and Haar-like feature was
first adopted for object detection in clutter scene. Viola et
al [34] and Lienhart et al [35] introduced a rapid detection
scheme and designed a novel set of rotated Haar-like
feature. Up to now, the Haar-like features can be classified
into three types: edge features, line features, and center-
surround features. Figure 3 gives the sketch of these three
types.

In our algorithm, just the upright center-surround feature
(i.e., as shown in Fig. 3a) is used to compose the

m g S

Line features E.] E-:J B

v o

Center-surround .

features

3a 3b

Fig.3 Feature prototypes of haar-like features
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Haar-like feature descriptor. For each reference pixel of
target-highlighted RD image generated from the first-stage
classifier, a 7 x 7 window centered at the reference pixel
is used to extract the high level texture feature by Haar-
like descriptor. The number of features generated from each
window is 49.

Proposed Error Self-adjustment Extreme
Learning Machine Classifier

After being processed by the proposed linear classifier, the
RD image can be divided into two part, i.e., the background
area and the highlighted ship targets area. The highlighted
area is constituted by all kinds of clutters and ship targets,
with almost all the background part removed. So the next
task is to design a suitable network to detect all the ship
targets from the highlighted ship targets area.

Inspired by [21, 24, 25, 39], we propose a new ES-ELM
which would not only find the optimal number of hidden
nodes, but also calculate the appropriate hidden parameters.
The proposed ES-ELM is divided in two separate stages:
the initialization stage and the updating stage. The aim of
the initialization stage is to find a suitable feature mapping
space including proper initial hidden parameters and hidden
neuron number with L regularizer process. The updating
stage is to boost the generalization performance of our
network through several updating processes based on Lj
regularization.

Initialization Stage

To find the appropriate feature mapping layer that can
describes the input data in a simple expression, the sparse
representation method and ELM network is combined
in our proposed ES-ELM structure. In other words, the
initialization stage enables the ES-ELM network to obtain
the suitable feature space through the training data, and
the sparse solution lends the trained network a lower
computation complexity.

To be more precise, a hidden node will be useful for
dealing with regression and classification problems if its
connected weight coefficients are large. On the contrary, a
hidden node will be weak or meaningless for the network
if the connected weights are very small or equal to zero.
Hence, in our ES-ELM, the L; regularizer process also
known as lasso least square method is adopted to find the
sparse solution of output weights, so that the weak neural
nodes can be pruned and the optimal hidden neurons can be
obtained. The L regularizer can be defined as follows:

Minimize : [|8]|; 4+ A|[HB — T||3 ®)

where A is a positive value.

Given the activation function g(-) and N arbitrary
training samples, {(xg, fx)}, 1 < k < N, xx € R", 1, € R™,
which is sampled from a continuous system, x € RV*" is
the training set, t € RV*™ is the expected output, the main
steps of initialization stage are described as follows.

Step 1: Initializing network with L hidden neurons (L
equal to N), randomly generating the hidden
parameters a and b. The feature matrix H can be

obtained as follows:
H=g(x-a+b) &)

Step 2: Calculating the output coefficients 8 by having
L1 regularizer, and ranking them in ascending
order B(B1 < B2 < ... < BL) , the ratio of the first
[ hidden nodes to the sum nodes is as follows:

L o
A1=M1<Z<L (10)

T —
Zj:l Bj
Selecting a threshold A, usually equal to 0.01.

The appropriate number of hidden nodes d can be
calculated by the following:

Step 3:

[ = min{l|A; < A}
d=L-1 11

Step 4:  Pruning the useless hidden nodes and the hidden
weights and bias can be denoted as ay € R"™¢
and b f-

Based on these steps, the redundant hidden
neurons including the meaningless nodes and
the weak nodes can be removed, which means
that the pruned hidden layer itself can limit the

computation complexity of the training network.
Updating Stage

To ensure that the trained networks have excellent gen-
eralization performance, several iterations are performed
by having L, regularizer process to directly update the
appropriate hidden layer and output layer parameters.

Step 1:  For d number of optimal hidden nodes, the feature

mapping data H; can be obtained as follows:
Hi=g(x-ay+by) (12)

Step 2:  For the desired output 7, the parameters a;, (a; €

R¥>™) of output layer can be obtained as:
an =Hy'-1 (13)

where H| b=
positive value.

(1/C + HTH)7'HT, C is a
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Step 3: Obtaining the output error e,_1, e,_; € RNV*™,
and we can get the error feedback data P,,_;. The
initial iteration number of 7 is set to 2.
en—1 = t—Hy_1 - ann—1
Pyt = en_1-(I/C+ (@nn-1)"
Apa-1) " - @nn-1)" (14)
Step4: The desired feature mapping data H, can be
computed by as follows:
H, =H, 1+ P, (15)
Step 5: Updating the hidden layer parameters ay, and bin
by:
ar = (1/C+x"07 " - g7 u(Hy))
bty = sum(x - am — g~ @(Hp))) /N (16)
where u is the normalized function.
Step 6: Updating the output layer parameters ap, (dpn €
R*m) as follows:
ann = [~ (g(x - am + b1 ™" -1 a7
where u~! is the inverse function of u.
Step7: n = n 4+ 1, repeating steps 3—6 until the output

error between the two successive iterations is
stable, i.e., ||len—1]| — |lenl] < &, where ¢ is an
arbitrary small real number.

Remark 1 In step 2, in order to solve L regularized prob-
lem, the /1_1s toolbox which is a MATLAB implementation
adapting for lasso least square problem is applied to quickly
obtain the expected parameters.

Remark 2 Based on Bartlett’s theory proposed in [37] and
[38], an efficient learning structure should not only have the
smallest training error but also the smallest weights norm,
which means that when training a SLFN, the goal should
also be focused on reaching the smallest norm of weights
including input and output weights. Therefore, the steps 3—
6 are iterated to attain the smallest norms both the output
weights and input weights across all solutions.

Proof of Proposed ES-ELM Structure

In this section, we will perform a brief proof of our proposed
ES-ELM network.

Lemma 1 [40]: Given a banded non-constant piecewise
continuous activation function g(-), we have

lim x-a+b)—e(x-ap~+by)|| =0 13
(a,b)—><ao,b0)“g( ) — 8(x-ao+ bo)ll (18)

@ Springer

Definition 1 Given an activation function g(-), N arbitrary
samples: {(xg, %)}, 1 < k < N, for any continuous
expected output ¢: we have ||t — (Au_1 (g(x-am_1+ l;fn_] )) -
ann—1)|| = [1t = ™" (g(x - @m + bfn)) - Gnn)|| = 0 holds with
probability one if

i = (I/C+x" 7% g7 u(H,))
bty = sum(x - G — g~ w(Hy)))/N (19)

apn = glx- af + éfn)71 -t
H, = Hy_1 + Pp—| (20)

where H, is the desired feature mapping data of the
nth iteration, (I/C + x’x)~'x” is the Moore-Penrose
generalization inverse of the training samples, C is the
regularization coefficient, g_1 (+) is the activation function,
u is the normalized function, u(x) : R — (0, 1], it can
process the feature mapping data from its original range to
range (— 1, 1), u~! is the inverse function of u, which can
process the feature mapping data from range (— 1, 1) to its
original range.

The proposed definition shows that if the parameters
of this ELM structure are updated by these equations, the
output error will be decreasing and finally get stable.

Proof We proof that the sequence ||t — (u‘l(g(x - Qf_1 +
bin—1)) - ann-DI| = |t = ™" (g(x - @ + b)) - ann)l is
decreasing and bounded.
Let e,_1 be the error matrix of output layer and P,,_| be
the error feedback matrix, we get
Pyt =en1-ay, @1
where a;nl_l ={/C+ al{n_l apn—1) " - aﬁn_l is the
Moore-Penrose generalization inverse of the neural weights.

Thus, we have the expected feature mapping matrix H»
Hy=Hy—1+ Pn— (22)

where H,_; is the original feature mapping matrix. Let
An =X -agy, and A, satisfies:

g()‘*n) = M(Hn)
A= g Nu(Hy)) (23)

For a sine activation function, we can get the solution of
the hidden layer£®

&fn = xflarcsin(u (Hyp)) (24

For a sigmoid activation function, we can get the
following equation£®

afy = —x_]log(

AN D (25)
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where x~! is the Moore-Penrose generalized inverse of

the training samples. Then, we can obtain the following
conclusions.

1) ag is one of the least-squares solutions of a general
linear system, meaning that the minimum error can be
obtained by the solution: ||x-ag —A, ||=min||x-agm—2,||.

2) The norm of error matrix can be further reduced by
the introduction of l;fn, while we can get the smallest
error by Egs. 24 and 25: by = sum(x - ar —
g_l(u (Hp)))/N. For different activation equation, we
can get the different g~ !(-).

According to Lemma 1, we have

™ (g(x - g + brn)) — Hal|
> min |l (g(x - ag + br) — Hy)l|

ag, by
= [lu~ " (g(x - an + bm) — Hy)l| = l[on]|
Let H, = u'(g(x - agm + b)) = H, + o,. Because

Pn—1 17, [Hn—1 117, 1|, [ Hal > 2 llow [, the residual
error of hidden layer can be presented as follows:

(26)

Ap = |[Hy — Hy|1? = [|Hy — Hy |
= [|[Hy—1|* = 2(Hy—1, Hy) + 2(Hy, Ho—1) — ||Hy |
= |[Hy—1|I* — 2(Hy—1, Hy) + 2(Hy, Hy £ 03)

||Hy %+ oy

[Ha—1|1> = 2(Hu—1, Hy) + 2| |Hy|1* £ 2(H,, 0)

(H2 £ 2(Hy, o) + llo )

= |[Hal* = 2(Hy—1, Hy) + || Hu-111* = llon ||

= [|Hy — Hoo111> = llo]* = [|1Pa]1*=loul* = 0 (27)

And we consider the residual error of output layer as
follows:

~ 2 T A 2
Ao = [t = Hp—1 - apn-1l|” — |It = Hy - apn—1]]

N N 2
[|Hy - Gnn—1 — Hy—1 - apn—1l|

—||Hy, - éhn—1 — Hy - ann—111>
[(Hy — Hy—1) - ann—111* = [|(Hy — Hy) - Gnn—111?
[(Hy — Hy—DI1* - llann—111* —

[(Hn — HDII* - [|ann—11*

([(Hn — Ha—DI* = [|(Hy — H)I1?) - ann—1][*
= (||Hny — Haz1 11> = llo11*) - lann—11* > 0

WV

(28)

So that we have||t — 1~ (g(x - dfn—1 + bin—1)) - Ghn 11| >
|lt—u~" (g(x- am + b)) - Ginn—1 || Because any = (™" (g(x-
G + b)) ~! is one of the least-square solutions of the
general linear system u! (g(x-ag +bg)) -apn = t, we have

Nt —u= " (g(x - g + b)) - ann1]

. 1 o A
2?]1111'“_“ (g(x - ag + b)) - apl|
n

= ||t —u" (g (x - g + b)) - annl| (29)

According to Eqgs. 28 and 29, we have

It —u="(g(x - @1 + ba—1)) - nn—1]
> min |1 - u™ (g(x - g + bgn)) - anl|

= ||t —u" (g (x - agm + b)) - anl| (30)

So the sequence is decreasing and bounded. O

Experimental Verification

This section conducts numerical experiments to validate
the effectiveness of the proposed algorithm. Two groups of
experiments are conducted in MATLAB 2016b with 12 GB
of memory and an i7-860 (2.8GHz) processor. To evaluate
the performance of the proposed ES-ELM structure, one
set of experiments was performed using classic data
sets downloaded from the Internet, as presented in the
“Comparison of Our ES-ELM with Other Neural Methods.”
To verify the effectiveness of the proposed ship targets
detection method, two sets of experiments were conducted
using, respectively, real HFSWR data and simulated data.
These experiments are described in the following three
sections, namely, “Datasets and Evaluation Indexes for Ship
Target Detection,” “Identification Results of Ship Targets
in RD Images,” and “Comparison of Overall Detection
Performance.”

Comparison of Our ES-ELM with Other Neural
Methods

In this section, ten regression and classification problems
are proposed to examine the performance of our proposed
neural network (ES-ELM), including five regression prob-
lems and five classification problems. Table 1 shows the
corresponding training and testing data sets of each bench-
mark problem. All these data sets are downloaded from UCI
machine learning repository and LIBSVM data sets. The

Table 1 Specification of 10 benchmark data sets

Datasets Type #Attri #Train #test
Hill-Valley Classification 101 606 606
Iris Classification 4 60 90
BCW (original) Classification 10 300 399
Covtype.binary Classification 54 300000 281012
Wine Classification 13 90 88
Forest fires Regression 13 239 278
Wine quality Regression 12 2898 2000
Abalone Regression 8 3000 1477
CPUsmall Regression 12 5000 4192
Facebook metrics Regression 9 300 200
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Table 2 Generalization performance comparison

Datasets SVM ELM ES-ELM

Tr_accuracy Te_accuracy Tr_accuracy Te_accuracy nodes Tr_accuracy Te_accuracy Nodes
Hill-Valley 56.93% 53.63% 81.02% 79.04% 300 98.02% 97.03% 275
Iris 90.00% 85.56% 81.67% 78.89% 30 88.33% 84.44% 42
BCW 85.67% 84.21% 87.67% 85.96% 300 97.67% 96.49% 163
Covtype.binary 75.89% 72.55% 79.28% 76.37% 500 78.15% 76.10% 867
Wine 85.56% 81.58% 86.67% 76.87% 300 97.78% 92.22% 11

input data was normalized into [— 1, 1], while the output
data for regression were normalized into [0, 1]. The results
obtained from ten tests were averaged, as shown in this
table. We present our experimental results from two aspects.

Firstly, to demonstrate the advantage of the proposed
method of classification problems, SVM, ELM, and our ES-
ELM were first compared by testing on five classification
problems: Hill-Valley, Iris, BCW, Covtype.binary, and
Wine. Table 2 shows the comparison between the proposed
method and two classic neural network methods. The
better performance is given in italics. In Tables 2 and 3,
Tr_accuracy and Tr_RMSE refer to training performance,
Te_accuracy and Re_RMSE are with respect to testing
performance.

When the sigmoid nodes were applied, the proposed ES-
ELM achieved a much better classification performance
than the basic ELM and SVM in almost all the test
data sets. The results from Hill-Valley (large number of
input-dimension and medium number of training samples),
Iris (both small number of input-dimension and training
samples), and Covtype.binary (medium number of input-
dimension and large number of training samples) are
summarized as follows:

1) For the Hill-Valley problem, the testing accuracy of our
ES-ELM network is 40 and 20% better than SVM and
ELM respectively. In addition, the training accuracy of
our proposed method is also better than that of ELM
and SVM.

Table 3 Generalization performance comparison

2) For the Iris problem, both training and testing
performance of ES-ELM is superior to the basic ELM,
while the testing accuracy is lower than SVM.

3) For the Covtype.binary problem, both ELM and ES-
ELM methods perform well in the training and testing
accuracy and are superior to SVM.

Secondly, to demonstrate the advantage of the proposed
method for regression problems, ES-ELM was compared
with error back propagation (BP) and ELM in five regres-
sion problems, namely, Forest Fires, Wine Quality, Abalone,
CPUsmall, and Facebook metrics. The comparison results
of three methods are tabulated in Table 3. It turns out that
in comparison with the other two methods, our proposed
ES-ELM shows a higher testing accuracy in almost all the
datasets. For the Facebook metrics problem, the test shows
RMSE of ES-ELM to be almost one-tenth and a half of the
basic ELM and BP methods.

More importantly, Table 4 shows us how reliable in
comparison with others the proposed structure is. In Table 4,
when regularization parameter C, training sets, and testing
sets are all fixed, our proposed method possesses a much
better and more stable performance than that of basic
ELM. The different from other neural structures is that
generalization performance is highly sensitive to parameter
C, and the testing results of ES-ELM are not too reliant
on parameter C. So, the user can choose regularization
parameter C randomly without too much of impact on the
generalization performance.

Datasets BP (node 200) ELM ES-ELM

Tr_.RMSE Te_RMSE Tr_RMSE Te_RMSE nodes Tr_.RMSE Te_RMSE nodes
Forest fires 0.3633 0.4521 0.1958 0.2043 200 0.1360 0.1935 134
Wine quality 0.1915 0.1853 0.1799 0.1785 200 0.1941 0.1853 194
Abalone 0.0921 0.1727 0.0816 0.1498 200 0.0633 0.0712 98
CPUsmall 0.3285 0.4906 0.2497 0.2897 500 0.2214 0.2108 143
Facebook metrics 0.7517 0.9529 0.2185 0.2568 200 0.0463 0.1029 19
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Table 4 Generalization performance comparison
C Forest fires Wine quality Abalone CPU small Facebook metrics
ELM Ours ELM Ours ELM Ours ELM Ours ELM Ours

c=272 0.1920 0.1286 0.1534 0.2015 0.1065 0.0742 0.2338 0.2285 0.0956 0.0542
c=20 0.1957 0.1204 0.2148 0.2159 0.1895 0.0638 0.2398 0.2227 0.1386 0.0499

=22 0.1491 0.1245 0.1649 0.1958 0.1099 0.0626 0.2345 0.2218 0.1477 0.0612
c =2 0.2048 0.1367 0.2493 0.2226 0.2201 0.0628 0.2561 0.2214 0.1602 0.0418

In short, our proposed ES-ELM shows better training and
testing performance in almost all the data sets. It benefits
from all the advantages of the first contribution, that is, the
higher learning efficiency of the neural structure and the
insensitivity to the regularized parameter C.

Datasets and Evaluation Indexes for Ship Target
Detection

To examine the performance of our proposed ship detection
methods for extracting ship targets, in this subsection, we
describe the experimental data sets and evaluation indexes
used in our test.

To demonstrate the performance of our proposed method
for HFSWR ship targets detection, two training sets (data
set S7 and data set S) are employed for the first-stage
classifier and the second-stage classifier respectively. In
our experiment, the data was collected from an HFSWR
located on the coast of Bohai Bay of China, where the
carrier frequency of HFSWR is 4.7 MHz, and the coherent
accumulative time is 291 ms. Thirty measured RD images
(size: 256256 pixels) are used in our experiments, in
which the background consists of various clutters and
background noise, and the targets are real ships.

1) For the training data set of the first-stage classifier, the
input data set consisted gray scale of the selected pixels
which were chosen from real-measured RD images.
The output set was formed by the type of the selected
pixels, that is, whether the chosen pixels belonged to
highlighted ship target area or not.

2) For the training data set of the second-stage classifier,
the input data set was formed by 49 dimensional
features, and each of the 49 dimensional feature vectors

was computed by using Haar-like descriptor for each
small window (7x7 pixels) centered at each pixel
within the highlighted ship target area. The output data
set was formed whether this pixel is ship target or not.

The details of our training sets can be seen in Table 5.

The evaluation criteria are the average detection proba-
bility P4, average false alarm probability Py, missing ratio
M,., and error ratio E,. These are defined as follows:

P; = TP/(TP + FN) x 100%
Py = FP/(FP + TP) x 100%
M, = 100% — Py

E, = Py + M, 31)

where TP is the number of real targets detected, FN is the
number of real targets that were not detected, TP +FN is the
total number of real targets, and FP is the number of false
targets detected.

Identification Results of Ship Targets in RD Images

In this section, a set of experiments was conducted by
using real measured data to examine the performance of our
proposed algorithm for ship target detection. The perfor-
mance is evaluated with several algorithms as shown in
Table 6. CH means Haar-like feature with centered descrip-
tor. LH means several combined lined descriptors, and LBP
means local binary pattern, which can describe the local
texture feature.

As for the training part, training data sets S; and S, are
used for training first-stage classifier and second-stage clas-
sifier. As for testing part, for each RD image, the
well-trained first-stage classifier is used for capture the

Table 5 Specification of two

training data sets Dataset Sample Input Output
Dimension Feature Dimension Class
S1 1274 1 Gray-scale 2 Background or not
S 576 49 Haar-like 2 Target or not
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Table 6 Detail of comparison

algorithms Method Meaning
CH+ES-ELM Proposed method
CH+ELM(200) Haar-like feature with centered descriptor,
ELM with 200 hidden nodes as second-stage classifier
CH+BP(200) Haar-like feature with centered descriptor,
BP with 200 hidden nodes as second-stage classifier
LH+ES-ELM Haar-like feature with lined descriptor(combined Fig. 3
2b, 2f, 2h),ES-ELM as second-stage classifier
LBP+ES-ELM LBP feature, ES-ELM as second-stage classifier

target-highlighted image. Then, the Haar-like descriptor
is exploited for high-level feature extraction. Finally, the
ES-ELM is used for ship targets reorganization.

By using the proposed method, we carried out the ship
target extraction experiments with twenty RD images, the
average Py, Py, M,, E, under that RD image data set
are recorded in Table 7, CH+ES-ELM, LH+ES-ELM, and
LBP+ES-ELM are mainly used to compare the proposed
algorithms with different feature extraction ways, and
CH+ES-ELM, CH+ELM, and CH+BP are performed to
evaluate the performance of our proposed ES-ELM network
on RD image data set. It is noticed that all these methods
have same linear classifier training process.

As the Table 7 shows, both CH+ES-ELM and LBP
+ES-ELM methods perform well in this data set, and their
detection performance is superior to that of LH+ ES-ELM.
The reason can be considered that the center-surround Haar-
like descriptor could exactly describe the isolated peak
regions of an RD image, while the feature extracted by
several lined descriptor(LH+ES-ELM) is redundant and not
reliable. In addition, from the reason mentioned above, it
is clear that the detection results from our proposed ES-
ELM network(CH+ES-ELM) are much better than those
from other two methods(CH+ELM, CH+BP).

Two typical results detected by our proposed method are
shown in Fig. 4, where the background contains not only
clutter regions but also some residual noises. Figure 4a,
b has the two original RD images. Apparently, it is very
difficult to recognize the ship targets from these complex
images. Figure 4c, d shows the obtained target-highlighted
RD images, in which the black areas are the non-target

Table 7 Average detection results with different algorithms

Method P, Pf M, E,

CH+ES-ELM 92% 6% 8% 15%
CH+ELM 86% 13% 14% 27%
CH+BP 84% 13% 16% 29%
LH+ES-ELM 89% 8% 11% 19%
LBP+ES-ELM 91% 6% 9% 15%
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regions, and all the ship targets are captured by target
regions. It should be noted that the final classifier ES-ELM
just considers target regions of the target-highlighted RD
image from the first-stage classifier. Figure 4e, f shows the
final ship targets extraction results. It is seen that almost all
the ship targets in these two images are recognized. More
importantly, most of the ship targets infected by clutters
are extracted. Therefore, the proposed method is suitable
for extracting ship targets from complex background of RD
images.

Comparison of Overall Detection Performance

In this section, aimed at comparing the effectiveness of
our proposed ship target detection method with other
detection methods, extensive comparative experiments were
conducted on simulated data. The evaluation indexes used
in this section are mentioned in “Datasets and Evaluation
Indexes for Ship Target Detection.” The CFAR algorithm
proposed by Liang [7] and image processing methods
by Li [11] are the forefront research in their own areas,
so we compare our algorithm with these two methods.
The wavelet transform-based method [11] uses discrete
wavelet transform (DWT) to detects ship targets, in which
the PSNR-based method is used to automatically select
the optimal scale of range-wise and Doppler-wise one-
dimension DWT, and the fuzzy set-based method is used
to enhance high-frequency subbands to strengthen ship
targets and depress background noises. The CFAR-based
method [7] utilizes curve fitting method as preprocessing
to weaken clutter and background noise, then a reference
window of each reference cell is collected for evaluating
whether it is the background noise or not. Finally, two-
dimensional CFAR for each reference window is carried
out for target detection. However, the CFAR-based method
needs to determine the threshold factor correctly. For fair
comparison, we use forty different values of threshold factor
{0.05, 0.1, 0.15, ...1.95, 2} to find the appropriate one.

In practical HFSWR monitoring, not all the RD images
know the exact number and position of the ship targets.
Although we can use automatic identification system (AIS)
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Fig.4 Two typical ship target
extraction results a, b two
original RD images; ¢, d
target-highlighted RD images; e,
f ship target detection results

Table 8 Detection results of three methods (time: aaverage testing
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Table 9 Comparison results of two algorithm for targets located near
clutter

time (s)) Dataset SNR of simulated ship targets

Method Py Py M, E, Time 20 dB 25dB 30 dB 35dB 40 dB
Ours 92% 5% 8% 13% 3.1784 CFAR-based 0% 3% 5% 18% 32%
CFAR-based 85% 13% 15% 28% 49010 Wavelet-based 3% 10% 45% 83% 93%
Wavelet-based 90% 8% 10% 18% 6.1398 Ours 5% 57% 78% 93% 92%
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data to receive the information such as unique identification,
position, and speed. AIS on some ships may not work because
the installation of AIS is not a mandatory. Therefore, the
detection performance of our proposed method and other
methods are compared by simulated RD data, where the
ship targets are added on the measured RD background
randomly, and the SNR of the added targets ranges from 20
to 40 dB. Since the number and position of the added ship
targets are known, it is easy for us to perform comparison
experiments. In the first experiment, 200 RD images are
chosen as test sample, each of these images has a number of
added ship targets.

Table 8 shows the results of the comparison of these three
algorithms, along with the comparison of the evaluation
indexes mentioned above, and the testing time of the three
methods, where the better testing results shown in italics.
In our comparison experiments, the wavelet-based method
considers the time spent on discrete wavelet transform
(DWT) with the adaptive threshold method of image
segmentation. In contrast, the CFAR-based method just
calculates the time taken from the beginning of curve
fitting to the end of ship detection. However, the time
counted in our proposed method simply covers the testing
stage while the training stage is not considered. Owing
to the introduction of multistage classifier, most of the
background regions and background noises are recognized
and eliminated at the first-stage classifier, so the testing time
of our proposed method is 30% less than those of CFAR-
based method and wavelet transform-based method. This
advantage will be even more striking when higher resolution
RD images are used.

As shown in the first four columns of Table 8, our
proposed method achieves a better detection performance,
where the average P, of our proposed algorithm exceeds
those of CFAR-based method and wavelet-based method by

Fig.5 Ship target detection
result: a original RD image; b
target detection result of wavelet
transform-based algorithm; ¢
target detection result of our
algorithm
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2 and 7% respectively. In addition, Py, M,, and E, of the
proposed method are all lower than those of the other two
methods. It is worth noting that our method has a much
lower Er than the other two methods. The reason for the
significant reduction in these three indexes is that in our
algorithm, the high levels of feature representation of clutter
and targets by the use of Haar-like descriptor are very robust
under variant conditions. More importantly, the proposed
ES-ELM classifier has a better classification performance
than other classifiers.

To further evaluate the capability of the three methods in
detecting weak targets which are infected by sea clutter, five
sets of tests were performed. Each test employs fifty RD
images, and the SNR of the simulated targets ranges from
20 to 40 dB. As shown in Table 9, compared with CFAR-
based method, our proposed method shows a significant
improvement in weak target detection in every test. As com-
pared with wavelet-based method, our method has a much
better target detection performance if the SNR of the simulated
targets ranges from 20 to 35 dB. Therefore, some infected
and weaker targets are more easily detected by our method.

Figure 5 is a typical detection result by using wavelet-
based method and our proposed method. The CFAR-based
method is not presented because this method cannot detect
any simulated target. Three simulated targets added in sea
clutter region are marked with red circles. Figure 5a is the
original RD image, Fig. 5b is the target detection result
of the wavelet-based algorithm, and Fig. 5c is the target
detection result of our method. It can be seen that the
wavelet-based algorithm can just detect two of them, and
our algorithm can detect all the three targets.

In conclusion, our proposed ship detection method shows
a better performance in weak target detection on account of
the advantage arising from the second contribution, namely,
the use of multistage classifier and ES-ELM structure.
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Conclusion

This paper proposes an efficient ship target detection
method as well as a novel improved ELM network which
has been rigorously proven. Here are several interesting
features inside.

1) Inthe proposed ES-ELM, the optimal number of hidden
neurons can be obtained by using the L; regularizer
process. In addition, the parameters of output layer
and hidden layer can be appropriately calculated by
iteration steps which are mainly based on L, regularizer
with pulled back output error. Moreover, it has been
verified that the generalization performance of our
network is not sensitive to regularized parameter C.

2) Through the use of cascade classification strategy, the
proposed RD image target detection algorithm can
impressively boost the detection efficiency, and paves
the way for real-time detection of ship targets. In
addition, by using our ES-ELM structure as the final
classifier with Haar-like input feature, the detection
algorithm achieves similar or much better detection
performance than the previous methods. Therefore, this
paper presents a useful targets detection method for
RD images. Our future work will focus on further
applying the proposed method for ship target tracking
with sequential RD frames.
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