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Abstract: Feature-based detection methods are often employed to address the challenges related to small-target
detection in sea clutter. These methods determine the presence or absence of a target based on whether the
feature value falls within a certain judgment region. However, such methods often overlook the temporal
information between features. In fact, the temporal correlation between historical and current frame data can
provide valuable a priori information, thereby enabling the calculation of the feature value of the current frame.
To this end, this paper proposes a novel method for time-series modeling and prediction of radar echoes using
an Auto-Regressive (AR) model in the feature domain, leveraging a priori information from historical frame
features. To verify the feasibility of AR modeling and prediction of feature sequences, the AR model was first
employed in the modeling and 1-step prediction analysis of Average Amplitude (AA), Relative Doppler Peak
Height (RDPH), and Frequency Peak-to-Average Ratio (FPAR) feature sequences. Next, a technique for
extracting feature values by utilizing the temporal information of historical frame features as a priori
information was proposed. Based on this approach, a small-target detection method predicated on three-feature
prediction, which can effectively utilize the temporal information of historical frame features for AA, RDPH,

and FPAR, was proposed. Finally, the validity of the proposed method was verified using a measured data set.
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Fig. 1 Schematic diagram of the temporal relationship of the features between frames
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Fig. 8 The workflow diagram of the detector based on three-feature prediction
% 2 1993 IPIX AR A
Tab. 2 The description of IPIX radar data collected in 1993
FFe K K TR (m) G (km /h) H b I 7E BT RS T
1 #17 2.2 9 9 8, 10, 11
2 #26 1.1 9 7 6,8
3 #30 0.9 19 7 6,8
4 #31 0.9 19 7 6,8,9
5 #40 1.0 9 7 5,6,8
6 #54 0.7 20 8 7,9,10
7 #280 1.6 10 8 7,10
8 #310 0.9 33 7 6,8,9
9 #311 0.9 33 7 6,8,9
10 #320 0.9 28 7 6,8,9
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Tab. 3 The effect of the number of overlapping pulses on the detector proposed in this paper

#30 #31 #310
ik d el
HH \AY HV HH \'AY% HV HH \A% HV
0 0.270 0.381 0.417 0.316 0.519 0.541 0.573 0.255 0.604
64 0.281 0.371 0.369 0.324 0.535 0.574 0.596 0.289 0.597
128 0.345 0.457 0.485 0.412 0.578 0.637 0.602 0.310 0.649
R 4 [ SEME O BE X AR SRR A R Y R2 A
Tab. 4 The effect of historical frame window length on the detector proposed in this paper
#30 #31 #310
T3 St
HH \'A% HV HH \'AY% HV HH \'AY% HV
25 0.304 0.433 0.435 0.396 0.539 0.628 0.600 0.305 0.641
50 0.317 0.446 0.462 0.400 0.561 0.635 0.602 0.312 0.647
100 0.345 0.457 0.485 0.412 0.578 0.637 0.602 0.310 0.649
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Tab. 5 The effect of the number of pulses on the four detectors
#17 #26 #320
Jhk b PioaE
HH Aa% HV HH Aa% HV HH AaY% HV
— SO R A 0 2 20 0.272  0.035  0.214 0.151 0234  0.200 0.363  0.108  0.469
SCHR[22) A6 2% 0521 0237  0.544 0.286  0.366  0.473 0.553  0.556  0.825
128
JR =R AEAG I B 0.595  0.257  0.509 0.211  0.389  0.466 0.628  0.487  0.754
P AR 0.642  0.304  0.544 0.281  0.403  0.528 0.745  0.674  0.855
— SO R A 0 2 200 0.368  0.062  0.220 0.185  0.281  0.249 0.319  0.115  0.461
SCHR[22) A 2% 0595  0.202  0.510 0.361  0.555  0.578 0.654  0.693  0.840
256
JR =R AE RS B 0.627  0.310  0.537 0.343  0.565  0.645 0.688  0.594  0.763
P AR 0.716  0.389  0.666 0474  0.567  0.701 0.787  0.748  0.873
— SO R A 0 2 20 0.345  0.058  0.215 0.200 0.314  0.263 0.221  0.121  0.470
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51
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Target Detection in Sea Clutter Using a Three-feature
Prediction-based Method
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Abstract: Feature-based detection methods are often employed to address the challenges related to small-target
detection in sea clutter. These methods determine the presence or absence of a target based on whether the
feature value falls within a certain judgment region. However, such methods often overlook the temporal
information between features. In fact, the temporal correlation between historical and current frame data can
provide valuable a priori information, thereby enabling the calculation of the feature value of the current frame.
To this end, this paper proposes a novel method for time-series modeling and prediction of radar echoes using
an Auto-Regressive (AR) model in the feature domain, leveraging a priori information from historical frame
features. To verify the feasibility of AR modeling and prediction of feature sequences, the AR model was first
employed in the modeling and 1-step prediction analysis of Average Amplitude (AA), Relative Doppler Peak
Height (RDPH), and Frequency Peak-to-Average Ratio (FPAR) feature sequences. Next, a technique for
extracting feature values by utilizing the temporal information of historical frame features as a priori
information was proposed. Based on this approach, a small-target detection method predicated on three-feature
prediction, which can effectively utilize the temporal information of historical frame features for AA, RDPH,
and FPAR, was proposed. Finally, the validity of the proposed method was verified using a measured data set.
Key words: Target detection; Sea clutter; Historical frame features; Prior information; Feature prediction
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Introduction

A major task of sea detection radar is to per-
ceive small floating targets on the sea surface,
such as navigational buoys and small boats, which

exhibit weak radar echoes!'?

. In high-resolution
radar systems, sea clutter exhibits evident non-
stationarity, nonuniformity, and non-Gaussianity.

Sea clutter presents complex characteristics, and
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sea spikes are prone to occur under high resolu-
tion, low tail-down angle, and elevated oceanic
conditions. Therefore, conventional approaches for
incoherent detection and adaptive quasicoherent
detection struggle to achieve accurate detection of
floating small targets!”.

The feature-based detection method, as an
emerging type of radar target detection technique,
is important in improving the performance of
small-target detection in sea clutter. On the one
hand, feature-based detection approaches can effi-
ciently employ the rich echo information provided
by high-resolution radar. On the other hand, they
can transform radar target detection problems in-
to classification problems, which simplifies the
complexity of these problems. Currently, a large
number of features with good separability have

[4-6)

been proposed, including fractal features'*"', time-

frequency features!”® polarization domain fea-

Q
9,10 gli112

tures!”'") graph feature I, phase domain fea-
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131 and singular spectral domain features!*".

tures
Feature-based detection techniques generally only
utilize the current frame data to extract features,
and the information contained in the current
frame data is limited. Increasing the number of
pulses can strengthen feature discrimination, but
it will influence the detection efficiency of the
radar. In fact, the second-level observation time
scale and its corresponding detection space scale
can be neglected compared with the changes
caused by long-term observation and wide sea
surface. The existence of some correlation between
historical frame data and the current frame may
be predicted within a few seconds. This correla-
tion is the prior information given by historical
frame data to the current frame, which can help
calculate the feature value of the current frame
accurately. However, classical feature-based detec-
tion techniques typically overlook the influence of
prior information of historical frame features on
the current frame feature, which evidently leads
to significant information waste. To date, al-
though few works utilize the feature information
of the historical frame, they only gather the fea-
tures between frames or employ the distribution
information of historical frame features!'>'. This
approach evidently overlooks the temporal attrib-
utes of historical frame feature data, which are
the intrinsic elements of radar echo data. Classic
feature-based detection methods typically only fo-
cus on the distribution of features in the feature
space. In fact, the features between frames com-
prise rich temporal information. Fig. 1 shows the
temporal relationship between features within

frames. In the figure, “Feature observation value

Feature

Feature space
2 6 Display of temporal By
) relationship

o6 — N R
(N3]

Fyo |-

of the current frame” is the feature value directly
computed from the current frame data, “Feature
prediction value of the current frame” is the fea-
ture value projected based on the historical frame
feature change pattern, and “Feature fusion value
of the current frame” is the feature value ob-
tained by fusing the feature observation value of
the current frame and prediction value informa-
tion. The temporal information of features
between frames has two main purposes. First, it
acts as prior information for historical frame fea-
tures and is utilized to fuse and generate the cur-
rent frame feature fusion value and correct the
current frame feature value, as shown in the right
part of Fig. 1. Second, it is directly used for ob-
ject detection or recognition, which realizes the
detection or recognition of objects that cannot be
directly distinguished in the feature space. On
this basis, this study proposes the use of an Auto-
Rregressive (AR) model for temporal modeling
and prediction of radar echoes in the feature do-
main. This method utilizes the prior information
of historical frame features and forms new fea-
tures for detection. The method has two main ad-
vantages. First, in the feature domain, the radar
echo can be regarded as an approximately station-
ary time series within a few seconds. Thus, a sta-
tionary time series model can be used for model-
ing, which simplifies the complexity of the time
series model for radar echoes. Second, the fusion
and utilization of prior information on historical
frame features improve the separability of the
newly generated features.

This study first introduced the temporal mod-

eling and prediction methods of feature sequences.

@ Feature value of historical frames
@ Feature observation value of the current frame
@ Feature prediction value of the current frame

O Feature fusion value of the current frame
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Fig. 1 Schematic diagram of the temporal relationship of the features between frames
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Based on measured data, the AR modeling and 1-
step prediction results of three feature sequences
were analyzed to verify the feasibility of AR mod-
eling and prediction of feature sequences. Second,
a feature extraction method using prior informa-
tion was introduced, and a sea surface small-tar-
get detection method based on three-feature pre-
diction was proposed. Finally, the efficacy of the
proposed method was confirmed using measured
data.

2 Feature Extraction and temporal Mod-
eling of Feature Sequences

This section first introduces the AR model-
ing and prediction methods for feature sequences.
Then, it reviews three known features with good
discriminability. Finally, it analyzes the AR mod-
eling and 1-step prediction results of the three
feature sequences based on Intelligent PIxel Pro-
cessing X-band (IPIX) radar data, which valid-
ates the feasibility of AR modeling and predic-
tion for feature sequences.

2.1 AR modeling and prediction methods for fea-
ture sequences

Previous literature has shown that sea clut-
ter can be modeled as fourth- or fifth-order AR
models on time scales of less than a few
seconds!'™'®l. On this basis, this study extends the
temporal modeling method of sea clutter and pro-
poses an AR modeling method for feature se-
quences.

Assuming multiple pulses are received at a
certain range cell, continuous Tfeature observa-
tion values {X;, X, -, X7} are obtained after fea-
ture extraction. Prior to fitting the AR model to
this feature sequence, the stationarity of the fea-
ture sequence and the order of the fitting model
need to be determined first. The stationarity of
the sequence and the applicable order of the AR
model can be approximately determined by the
autocorrelation function, partial autocorrelation
function, and time series diagram of the feature
sequence. The Autocorrelation Coefficient (AC) is
typically used instead of the autocorrelation func-
tion, and the Partial AC (PAC) is utilized in-
stead of the partial autocorrelation function to
characterize the correlation of the sample. The

AC of any time series {xy,xzo, -, @y, -, 27} i8

defined as follows!":

Tk
= — ]_
= (1)

where 7 represents the variance of time series
{x1,22, ", T¢, -, z7}, and 7, denotes the autocov-

ariance of interval k. PAC is defined as follows:

pzt’xt—k‘xtfl’mt72""g1t—k+l

(- Ba) ()]

E {(mtk - Emtkﬂ

where Fxy = E [mt‘xtflyxtf% ) $t7k+1]7 Exy =

Elxi—k|lxi—1,24—2, ", t—k1+1], and PAC refers to
the ratio of the conditional autocovariance func-
tion to the conditional variance, and it essen-
tially represents the conditional AC.

A criterion for determining the stationarity of
a sequence is that stationary sequences com-
monly exhibit short-term correlations; for station-
ary time series, AC tends to quickly degrade to
zero (a shorter lag period corresponds to a higher
correlation, and the correlation is 1 when the lag
period is 0)?. If the feature sequence is station-
ary, its AC tails off, and PAC truncates at lag p.
This observation indicates that the sequence can
be modeled using an AR model, and the order of
the AR model is p.

The model with the structure of Eq. (3) is
called the p-order AR model, which is denoted as
AR(p).

Ty =G0+ Q1741+ Qa2+ + GpTi_p + &

¢p # 0

E(es) = 0,Var(e;) = 02, E(g4es) = 0,8 #

E(xsey) =0,Vs<t

3)
where the disturbance term ¢; is a stationary
white noise process with zero mean and variance
o%. Specifically, when ¢y = 0, the model is
termed the centralized AR(p) model. In general,
the centralized AR(p) model is utilized to fit time
series.

The optimal order of AR model fitting for
time series can be estimated by Bayesian Informa-
tion Criterion (BIC), which is defined as follows:

(p+1)In M

BIC (p) = Iné? + i (4)
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The optimal order of the AR model determ-
ined by the BIC is p, which minimizes the BIC.
In Eq. (4), M is the length of the time series, and
4% is the maximum likelihood estimate of the
white noise variance of the AR model correspond-
ing to the order.

The result of fitting the feature sequence
{X1, Xa, -, X7} using the centralized AR(p) model
is given as follows:

Xi =01 X1+ 02 Xp o+ + 0, Xep+er (5)

where the model order p is a known quantity, the
(¢1, b, -, dp)" refers to the

parameter to be estimated, and its moment estim-

. A T\T
ate value ¢ = <¢1,¢2’ "'a(bp) can be computed

model parameter ¢ =

using Eq. (6).

p1 1 pr o Pp—1 b1
p2 P I pp2 o

.= ) ) . ) . (6)
ﬁp ﬁpfl pAp*2 1 <ng

where p signifies the AC of the feature sequence
{X1,Xs,, X7}, and Eq. (6) is called the para-
meter estimation method of the Yule-Walker
equation. The moment estimate of white noise

variance 62 is given as follows!):

G2 =40 b (7)

where 4o represents the variance of the feature se-

quence, and 4; denotes the autocovariance of the
interval j. In fact, AR models are suitable for
short-term prediction, especially 1-step
prediction?'). Therefore, after the feature se-
Xr} is modeled as the AR(p)
sequence shown in Eq. (5), the predicted value of

quence {Xi, Xy, -,

the feature at the next time can be computed us-
ing Eq. (8).

Xr (1) = 01 X7+ ¢po X1+ + ¢pX7i1-p  (8)
where X7 (1) represents the predicted value of the
feature at time T + 1, which is the predicted

value of the feature at the next time. The 1-step

prediction error is given as follows:

en(1) = Xrq1 — X7 (1) = e741 9)

where e}, (1) denotes the 1-step prediction error,

and X, signifies the observation value of the
feature at the next time (time 7'+ 1).
2.2 Introduction to the three known features
This section briefly introduces three methods
for extracting known features. All these methods
exhibit good separability, simple calculation, and
clear physical meaning. The Average Amplitude
(AA) feature, as the most fundamental time-do-
main energy feature, has a clear physical meaning,
and the AA of radar echo {z(n),n=1,2,-,N} is

defined as follows??:

1 N
= = Y120 (10)

where z represents the vector of the time series
arrangement of radar echoes. The AA is the main
feature of traditional radar target detection.
When the Signal-to-Clutter Ratio (SCR) is high,
this feature has good discriminability.

Ref. [22] proposed the Relative Doppler Peak
Height (RDPH) feature and exhibited its effect-
iveness. The Doppler amplitude spectrum of radar
echo {z(n),n=1,2,---, N} is computed as follows:

1|

Z(fa) = 7% Z (n) exp (—2x f4nPRP)|

1 1
~9prp = /' = 2pRP 1
where fy refers to the Doppler frequency, and
PRP denotes the pulse repetition period. The cal-
culation formula for Doppler peak height and

Doppler shift is shown as follows:

1 1

Peak(z) = H??X{ (Ja) s =3pgp = Ja = QPRP}

fi™(z)=arg H}f;m{ (fa), —gppp <fa< QPRP}

(12)

Let 6; be the Doppler cell range for reference

and dy be the maximum Doppler bandwidth of

the target. For example, 61 = 50 Hz and d, = 5
Hz. RDPH is defined as follows:

= [—01, —d2] U [02, 61]

RDPH(2) = Peak(z)

: (13)

#D Lpespeiaren 2 0

where D is the set composed of Doppler reference
cells, U represents the union, and #D denotes the
number of elements in set D.
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Re. [23] proposed the Frequency Peak-to-Av-
erage Ratio (FPAR) feature and demonstrated its
effectiveness. FPAR for radar echo {z (n),n =1,2, -,
N} is defined as follows:

max{F(k), k=1,2,-- N}
N

1
~ D F(R)
k=1

where F'(k) denotes the amplitude spectrum ob-

FPAR(z) = (14)

tained by the discrete Fourier transform at point
N for z(n). FPAR with target echo cells is typic-
ally larger than pure sea clutter cells.

2.3 AR modeling and 1-step prediction analysis
of feature sequences

Using IPIX radar data, this section analyzes
AA and the AR modeling and 1-step prediction
results of RDPH and FPAR feature sequences to
validate the feasibility of AR modeling and pre-
diction of feature sequences. A detailed introduc-
tion of the IPIX radar data used is provided in
Section 4.1.

(1) Stability assessment of feature sequences
of sea clutter and determination of AR model
order

This study calculates the average ACs and
average PACs for the AA, RDPH, and FPAR fea-
ture sequences of sea clutter across the entire
dataset. The aim is to determine the approxim-
ate stationarity of the feature sequence of sea
clutter in the entire dataset. Using HH #320
data, AA, RDPH, and FPAR features are extrac-
ted every 256 pulses. AC and PAC are calculated

once for every consecutive 100 features in pure

1.0
0.8
0.6 4
04 |

0.2

Average autocorrelation coefficient

0 10 20 30 40
Delay

sea clutter range cells. The resulting average ACs
and average PACs of the three features are shown
in Fig. 2. The optimal AR model coefficients for
the three feature sequences estimated by BIC are
illustrated in Fig. 3. Evidently, the average ACs
of the three features all exhibit exponential decay
with obvious tailing characteristics. Moreover, the
average PACs have observable truncation charac-
teristics. In fact, similar phenomena are observed
on all 10 sets of IPIX radar data, and they are
not affected by polarization mode. This result in-
dicates that the extracted feature sequences of
AA, RDPH, and FPAR from sea clutter are ap-
proximately stationary in general, and all three
feature sequences can be fitted using AR models.
Fig. 3 displays that the optimal order of the AR
model for AA feature sequences, as determined by
BIC, is mainly around the sixth order. Mean-
while, the optimal order of the AR model for
RDPH and FPAR feature sequences is predomin-
antly the first and second order. The optimal or-
der distribution for the three feature sequences is
between the first and seventh order. In fact, when
the order is 1-7, the estimated AR model has a
slight difference in fitting and 1-step prediction
performance for RDPH and FPAR feature se-
quences. When the order is 3-7, the estimated AR
model has a slight deviation in fitting and 1-step
prediction performance for AA feature sequences.
Therefore, the empirical value of the optimal or-
der of the model can be set to 3—7 to ensure the
applicability of the fixed-order AR model to the
entire dataset.

1.0

0.8

0.6

0.4

0.2

Average partial autocorrelation
coefficient

—*— AA —A- RDPH -&- FPAR

(a) Average autocorrelation coefficient

(b) Average partial autocorrelation coefficient

Fig. 2 Average autocorrelation coefficient and average partial autocorrelation coefficient for the three features
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(2) Analysis of AR model fitting results for
feature sequences of sea clutter

Using HH #320 data, the AR model fitting
results for the AA, RDPH, and FPAR feature se-
quences of sea clutter are analyzed. AA, RDPH,
and FPAR features are extracted every 256
pulses. Each consecutive set of 100 feature obser-
vations is fitted once with the AR model, where
the empirical order of the AR model is set to 5.
The AR model fitting results for representative
feature observations are illustrated in Fig. 4. Ob-
viously, the AR model can effectively fit the AA,
RDPH and FPAR feature sequences of sea clut-
ter. Among them, the AR model with AA fea-
tures has the best fitting effect, followed by
RDPH and FPAR, as shown in Fig. 4. The aver-
age AC of the AA feature sequence decays the
smoothest, and the average PAC with a delay of

one order is the largest. This result indicates that
the autocorrelation of the AA feature sequence is
the best and most in line with the characteristics
of the AR sequence, followed by RDPH and
FPAR. In fact, the pulse data vectors used for ad-
jacent features may partially overlap during fea-
ture extraction in improving the fitting effect of
the AR model for the three feature sequences.

(3) Analysis of 1-step prediction results of AR
model for feature sequences of sea clutter

Using 10 sets of HH-polarized IPIX radar
data, the 1-step prediction results of AR models
for the AA, RDPH, and FPAR feature sequences
of sea clutter are analyzed to evaluate the predict-
ability of these features. AA, RDPH, and FPAR
features are extracted every 256 pulses. To en-
hance the stationarity, correlation, and AR model

fitting performance of the feature sequences, 128

600 r
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400

300

Frequency
Frequency

200 r

100

2 4 6 2
Optimal order of AR models
(a) AA

Optimal order of AR models
(b) RDPH

Frequency

4 6 2 4 6
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Fig. 3 Optimal order of AR models for the three feature sequences estimated by the BIC
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Fig. 4 AR model fitting results for three features (sea clutter)
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pulse overlaps are applied in the pulse data used
for adjacent temporal features during feature ex-
traction. A total of 100 consecutive features are
fitted using the AR(5) model once, and the 1-step
prediction error is calculated. The experimental
results are presented in Tab. 1 and Fig. 5. The
AR model can efficiently conduct fitting and 1-
step prediction on the AA, RDPH, and FPAR
feature sequences of sea clutter. Among them, the
AR(5) model has an average prediction error of
approximately 10% for AA feature sequences,
nearly 12% for RDPH feature sequences, and ap-
proximately 15% for FPAR feature sequences.
Evidently, the average prediction error of the AA
feature sequence is the smallest, followed by the
RDPH and FPAR feature sequences. The main
reason is that the fitting effect of the AR model
for the AA feature sequence is the best.

The AR(5) model fitting results for the AA,

RDPH, and FPAR feature sequences of target-
containing echo cells derived from the HH #320
dataset are presented in Fig. 6. Evidently, the AR
model can accurately fit the AA, RDPH, and
FPAR feature sequences of target-containing echo
cells. In fact, analysis of measured data demon-
strates that the AA, RDPH, and FPAR feature
sequences of target-containing echo cells can also
perform 1-step prediction using the AR model,
with the empirical order of the AR model set to
3-7.

According to the abovementioned results, the
AR model can be utilized to model and perform
1-step predictions for the AA, RDPH, and FPAR
feature sequences. The model can also achieve
good fitting and prediction results. The empirical
order of the AR model can be set to 3-7 orders.
The pulse data vectors used for adjacent temporal

features can partially overlap during feature

Tab. 1 Predicted results of the three features

Average amplitude

Relative Doppler peak height

Frequency peak-to-average ratio

Data Average error Error %‘ta'ndard Error (%) Average error Error &‘;ta.ndard Error (%) Average error Error é‘ta'ndard Error (%)
deviation deviation deviation
#17 0.0002 0.2167 7.58 —0.0049 0.1716 11.46 —0.0746 2.6394 15.51
#26 —0.0074 0.1790 10.90 —0.0067 0.1989 13.11 —0.2254 4.2131 16.72
#30 —0.0087 0.1576 10.05 —0.0069 0.2029 13.45 —0.2353 4.0889 17.54
#31 -0.0114 0.1769 11.42 —0.0069 0.2002 13.21 —0.2462 4.1325 17.43
#40 —0.0135 0.2101 12.10 —0.0072 0.2036 13.36 —0.2831 4.4131 18.25
#54 —0.0048 0.1991 11.53 —0.0055 0.1821 12.59 —0.1536 3.1127 15.31
#280 -0.0114 0.1751 10.87 —0.0059 0.1864 12.21 —0.2316 4.2699 17.04
#310 —0.0064 0.1280 7.71 —0.0046 0.1722 11.26 —0.1023 2.3707 13.11
#311 —0.0067 0.1330 8.57 —0.0051 0.1850 12.09 —0.1216 2.7095 14.12
#320 —0.0055 0.1281 8.04 —0.0065 0.2035 13.75 -0.1229 2.6733 14.34
T
= =
: zo:
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Fig. 5 1-step prediction results of AR models with three features
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extraction to increase the stationarity and correla-
tion of the feature sequence and improve its fit-
ting to the AR model and prediction performance.

3 Object Detection Methods Based on
Three-feature Prediction

3.1 Feature value extraction method using prior
information

Traditional extraction methods for feature
values generally ignore any prior information and
only utilize the current frame data. However, the
current frame data have a limited amount and
may be affected by various factors, such as co-fre-
quency interference and noise. This limitation res-
ults in large errors in the extracted feature values,

which cannot represent the true feature value

level of the current frame. Thus, this section pro-
poses a feature value extraction approach that
uses prior information. The feasibility of AR mod-
eling and prediction of feature sequences has been
verified in the previous section. Therefore, in this
section, the temporal pattern of historical frame
feature data is regarded as prior information, and
the predicted value of the current frame feature is
fused with the observed value of the current
frame feature to obtain the fused value of the cur-
rent frame feature. The specific process is presen-
ted in Fig. 7, where the numbers represent the or-
der of execution steps. Given the short-term sta-
tionary and long-term nonstationary characterist-
ics of the marine environment, a correlation ex-
ists between historical frame data in the short

RDPH

60 1

50

40 1

FPAR

30 1

2

10 &

40 60 80

20

Serial number of the feature

100

Observed value
(a) AA

Serial number of the feature

(b) RDPH

20 40 60 80 100

Serial number of the feature

60 80 100
Fitting value of AR(5) model

(c) FPAR

Fig. 6 AR model fitting results for three features (target echo)
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Fig. 7 Flowchart of the feature extraction method using prior information
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term and the current frame. Therefore, the fea-
ture observation values within the fixed frame
historical frame window are first used as usable
historical frame data, and their AR models are
fitted to extract temporal information as prior in-
formation. Second, the feature observation value
of the current frame is fused with prior informa-
tion to obtain its feature fusion value. Next, the
feature data of the historical frame are updated
using the feature observation values of the cur-
rent frame, the earliest feature values are deleted
from the original feature data of the historical
frame, and only the feature values within the new
historical frame window are retained. Finally, the
AR model is used to fit the new feature data of
the historical frame, and the temporal informa-
tion of the features is re-extracted as prior inform-
ation for the next frame feature extraction. The
abovementioned operation process is repeated in a
loop until the radar stops working.

The specific calculation approach for the fea-
ture fusion value of the current frame using prior
information is shown as follows:

{Xtrue = O41)(0bse + a2Xf0re

(15)
a1+a2:1, O41207 GQZO

where X represents the current frame feature
fusion value; X, denotes the feature observa-
tion value of the current frame; Xy, refers to the
predicted value of the current frame feature, as
obtained by AR fitting and 1-step prediction on
the feature sequence of the historical frame; a;
and «ay denote weighting coefficients that repres-
ent the degree of influence of current frame data
and historical frame data on the fusion value of
current frame features. Notably, both should be
related to the current marine environmental con-
ditions. Under general sea conditions, the contri-
bution of X e and Xpe to Xiuw 1S the same.
When the sea condition level is high, the impact
of Xopse ON Xiye is greater than that of Xpe.
Their values can be determined depending on the
specific detection scenario.
3.2 Detection of small floating targets in sea clutter
A high-resolution sea detection radar is sup-
posed to transmit a coherent pulse train of length

L in a specific beam direction, and a complex vec-

tor y(I) of length L is received at each range cell.
When a target exists in the range cell, the echo
comprises target echo, sea clutter, and noise; oth-
erwise, it contains only sea clutter and noise. The
echoes from surrounding range cells of the Cell
Under Test (CUT) are assumed to contain only
sea clutter and noise. Thus, when the clutter-to-
noise ratio is sufficiently high such that noise be-
comes negligible, the detection problem for small
floating maritime targets can be formulated as the

following binary hypothesis testing problem/®?:

y(l) = e(l)

yv(l) = Cv(l)
y(l) = s(l) + ()

Yo(l) = cu(l)
where y(1), y,(1), s(I), and ¢(l) respectively rep-
resent the echo of the CUT, the echo of the refer-
ence cell, the echo of the target, and the sea clut-

Hp :
(16)
H1 :

ter with a length of L. V represents the number of
reference cells, (=1, 2, ---, L, v=1, 2, ---, V. The
sea surface is assumed to be locally uniform.
Thus, the sea clutter characteristics of the refer-
ence cell should be approximately the same as
those of CUT. Moreover, the sea clutter charac-
teristics of the local area can be estimated using
the sea clutter of the reference cell.
3.3 Object detection method based on three-
feature prediction

If the characteristics of sea clutter in the
same local area are approximately the same, then
the features of AA, RDPH, and FPAR extracted
from the pure sea clutter range cell in the local
area should be at the same level. Combined with
the description of the problem of detecting small
floating targets in sea clutter, under the assump-
tion of Hy, the AA, RDPH, and FPAR feature
values of pure sea clutter estimated by the refer-
ence cells in the local region should display small
differences from the observed feature values of the
CUT. Under hypothesis Hy, the feature values of
pure sea clutter in the local region estimated by
the reference cells should present significant dif-
ferences from the observed feature values of the
CUT.

The difference between the AA, RDPH, and

FPAR feature values of pure sea clutter at the
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current moment estimated by the reference cells
and the observed AA, RDPH, and FPAR feature
values of the CUT comprises the new detection
statistic—the new feature—proposed in this
study. It can be calculated using Eq. (17). Not-
ably, AA, RDPH, and FPAR in this study are
termed the original features. Given that three ori-
ginal features (AA, RDPH, and FPAR) are con-
sidered, three new features are correspondingly
generated, which are all computable by Eq. (17).
The following section uses the AA feature as an
example to illustrate the characterization of its

corresponding new feature.
Xyew = | X — Xcur| (17)
where X refers to the AA feature value of the

pure sea clutter estimated by the reference cell at
the current time, Xcyr denotes the AA feature
observation value of the CUT, and || represents
the absolute value. The specific calculation for-

mula for X is given as follows:
LV
X==) X, 18
- ; (18)

where V represents the number of reference cells,
and X, denotes the current-frame AA feature fu-
sion value of the vth reference cell, which is calcu-
lated using the method described in Eq. (15).
Notably, X is not a simple average of the AA ob-
servation feature values of the current frame from
the reference cells; instead, it is a weighted aver-
age that integrates the observed and predicted
AA feature values from all reference cells. By
leveraging temporal information from feature se-
quences of the historical frame as prior informa-
tion, the proposed feature estimation method in
this study accurately reflects the true feature
value level of pure sea clutter at the current mo-
ment. Compared with the original three features
(AA, RDPH, and FPAR), the new three features
integrate prior information from historical frame
features and fuse temporal evolution patterns of
the original feature sequences. This approach ad-
dresses the limitation of insufficient utilization of
temporal correlation information in the original
feature detection methods.

After three new features are extracted, the

object detection problem is transformed into a
classification problem in the feature space. Given
that the number of target echoes is much smaller
than that of pure sea clutter, object detection can
be regarded as anomaly detection in sea clutter. A
single classifier can be utilized to determine the
judgment area under certain false alarm rate con-
ditions to complete the detection. At present, re-
searchers have proposed a large number of single
classifiers®. This study employs the fast convex
hull one-class classifier proposed in Ref. [22] to de-
termine the decision region. The fast convex hull
one-class classifier transforms the determination
of the optimal decision region under a given false
alarm rate into the following optimization prob-

lem:
Iin {Volume (£2)}

GHEGED g

W = {all bounded convex sets in R3} (19)

where # {-} denotes the number of elements in
the set, & refers to the training samples extrac-
ted from pure sea clutter, [ signifies the number
of training samples extracted from pure sea clut-
ter, Pr refers to the false alarm probability, and
2 it is the minimum-volume convex region satis-
fying the abovementioned conditions.

Based on the aforementioned discussion, this
section proposes a sea-surface target detector
based on three-feature prediction, with the main
workflow shown in Fig. 8. Compared with classic-
al feature detection methods, the target detection
method proposed in this study integrates AR
modeling and 1-step prediction of feature se-
quences of the historical frame, which consists of
training and detection phases. Before formal radar
detection, a large amount of sea clutter data must
be collected to train the convex hull single classifi-
er and form the decision region. In the training
phase, AA, RDPH, and FPAR features are ex-
tracted from extensive pure sea clutter data, and
AR(p) fitting and 1-step prediction are per-
formed on the feature sequences. Subsequently,
three new types of feature samples are generated
using Eqgs. (15), (17), and (18) to train the con-
vex hull single classifier. As a result, a decision re-
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Fig. 8 Workflow diagram of the detector based on three-feature prediction

gion that satisfies the given false alarm probabil-
ity condition is obtained. In the detection phase,
the AA, RDPH, and FPAR features of the cur-
rent frame are extracted from the CUT and its
surrounding reference cells. AR(p) fitting and 1-
step prediction are performed on the AA, RDPH,
and FPAR features within the historical frame
window of the reference cells. New feature vec-
tors of the CUT are generated using Eqs. (15),
(17), and (18). Detection is completed by determ-
ining whether these vectors lie within the de-
cision space.

Notably, the distribution characteristics of
the AA, RDPH, and FPAR features used in this
study and the computation of the new features
are related to the detection scenario. Thus, when
the detection scenario changes significantly, fea-
tures need to be re-extracted, the convex hull
classifier should be retrained, and the decision re-
gion must be updated. To reduce the amount of
computation and other parameter influences, the
historical frame window length is fixed as T
(number of historical frame features used each
time), and the AR model order is fixed as p (the
AR model order can be set to 3-7). Adjacent fea-
tures can utilize pulse data vectors with partial
overlap during feature extraction to enhance the
stationarity and correlation between feature se-
quences of the historical and current frame and
improve the AR model fitting and prediction per-
formance. The partitioning of inter-frame pulses
can be performed using Eq. (20).
wj=r(d(j—1)+1:d(j—1)+N), j=1,2,T,-
(20)
where u; refers to the pulse vector of the j-th
frame, N denotes the number of pulses per frame,

r(-) represents all echo pulses, and d signifies a

constant used to adjust the number of overlap-

ping pulses between adjacent frames.
4 Performance Analysis of Detection

4.1 Introduction to measured data

The measured data used in this study all
come from the IPIX radar dataset. This dataset
comprises 10 sets of data collected in 1993, with
each set containing HH, VV, HV, and VH 4 po-
larization mode data. During data collection, the
radar operates in gaze mode for approximately
131 s, with a pulse repetition frequency of 1 kHz
and a range resolution of 30 m. The target is a
floating ball with a diameter of 1 m wrapped in
metal wire?”. Additional detailed data are shown
in Tab. 2.
4.2 Separability analysis in feature space

The performance of the detector can be pre-
liminarily judged by the separability between the
target sample set S; and the sea clutter sample
set Sy in the corresponding feature space. Thus,
it is first analyzed and compared. This study uses
the Bhattacharyya distance (B-distance) to
quantitatively measure the separability of two
types of samples, and its estimation method is
given as follows:

First, the mathematical expected vector p
and covariance matrix C for two types of sample
sets are calculated.

o = mean(Sy), Co = cov(Sp) (21)

p1 = mean(S;),Cy = cov(S1) (22)

where mean represents the mean operator, and
cov denotes the covariance operator. Therefore,
the B-distance dg between two types of sample
sets in the feature space can be estimated accord-
ing to Eq. (23).
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(S0, 81) = (o — )" (Co + C1) (o — 1)
Ll (det(0.5(C’o + Cl))) (23)

2 det(Cy) det(Ch)

where det represents the determinant operator.
The performance of the proposed detector is
preliminarily assessed using the IPIX dataset.
Three new features are extracted from target-con-
taining echo cells and pure sea clutter cells. The
B-distance is computed using Eqs. (21)-(23),
where the AA, RDPH, and FPAR features are
calculated every 256 pulses, with a 128-pulse over-

lap in the data used for adjacent features. For

comparison, the B-distance between the two
classes of samples in the original three-feature
space (AA, RDPH, and FPAR) is also computed.
The experimental results are displayed in Fig. 9.
The B-distances in the new three-feature space
are generally greater than those in the original
three-feature space. This observation indicates
that the proposed detector outperforms the ori-
ginal three-feature detector. This performance is
primarily due to the fact that the new features in-
corporate temporal information from historical
frames of the original features, which enhances

the information content of the features.

Tab. 2 The description of IPIX radar data collected in 1993

Number Data name Wave height (m) Wind speed (km/h) Target cell Affected cell
1 #17 2.2 9 9 8, 10, 11
2 #26 1.1 9 7 6,8
3 #30 0.9 19 7 6,8
4 #31 0.9 19 7 6,8,9
5 #40 1.0 9 7 5,6,8
6 #54 0.7 20 8 7,9,10
7 #280 1.6 10 8 7,10
8 #310 0.9 33 7 6,8,9
9 #311 0.9 33 7 6,8,9
10 #320 0.9 28 7 6,8,9
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S 15 | 1 215 |
@ A ]
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—+— The original three-feature space
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Fig. 9 Comparison of B-distance in two feature spaces
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4.3 Performance analysis

This section further investigates the perform-
ance of the proposed small-target detection meth-
od based on three-feature prediction. The pro-
posed detector involves weighting coefficients, and
their selection is determined using 10 sets of HH-
polarized IPIX radar data for validation. Two ex-
treme cases are considered: a; = 1, as = 0, and
a; =0, as = 1. When a; = 1 and ay = 0, the
new features exclude feature information of the
historical frame from the original features; when
a1 = 0 and as = 1, the new features are maxim-
ally influenced by the feature information of the
historical frame from the original features. The
detection probability curves of the proposed de-
tector under the two cases are presented in
Fig. 10. During the experiment, AA, RDPH, and
FPAR features are computed every 256 pulses.
Overall, the detection probabilities under the two
cases differ minimally, which suggests that the
contributions of the feature values of the current
and historical frame to detection probability
should be approximately equal. Thus, the empiric-
al values for the weighting coefficients o; and as
in the IPIX radar data are 0.5.

1.0

a,=1, a,=0
0.8 | v ay=0, a,=1

0.6 §
04 |

021

Detection probabilities

0

1 2 3 4 5 6 7 8 9 10
Serial number of data

Fig. 10 Effect of weighting coefficient on detection probabilities

Using datasets #30, #31, and #310, the per-
formance variation of the proposed detector is
compared for overlapping pulse numbers of 0, 64,
and 128 between adjacent features. The number
of pulses used to compute AA, RDPH, and FPAR
features is fixed at 256. The experimental results
are displayed in Tab. 3. In most datasets, as the
overlapping pulse number increases, the detection
probability of the detector gradually improves.
This result is mainly due to the fact that in-
creased overlap between adjacent feature data en-
hances the stationarity of the feature sequences,
which leads to improved AR model fitting and
prediction performance.

Using datasets #30, #31, and #310, the per-
formance variation of the proposed detector is
compared for historical frame window lengths of
25, 50, and 100. The number of pulses used to
compute AA, RDPH, and FPAR features is fixed
at 256. The experimental results are shown in
Tab. 4. In most datasets, as the historical frame
window length increases, the detection probabil-
ity of the detector gradually enhances. The main
reason is that a larger historical frame window
length allows more features to be utilized in each
AR modeling session, which leads to more accur-
ate parameter estimation of the AR model and
higher accuracy in 1-step prediction. Compared
with the overlapping pulse count, the historical
frame window length has a minimal impact on de-
tection probability. The reason is that its effect
on 1-step prediction accuracy is limited. In general,
the historical frame window length can be set to 50.

All TPIX radar data are used to validate the

effectiveness of the detector proposed in this

Tab. 3 Effect of the number of overlapping pulses on the detector proposed in this paper

. #30 #31 #310
Number of overlapping pulses
HH 'A% HV HH 'A% HV HH \A% HV
0 0.270 0.381 0.417 0.316 0.519 0.541 0.573 0.255 0.604
64 0.281 0.371 0.369 0.324 0.535 0.574 0.596 0.289 0.597
128 0.345 0.457 0.485 0.412 0.578 0.637 0.602 0.310 0.649

Tab. 4 The effect of historical frame window length on the detector proposed in this paper

A . #30 #31 #310
Historical frame window length
HH VvV HV HH VvV HV HH \AY% HV
25 0.304 0.433 0.435 0.396 0.539 0.628 0.600 0.305 0.641
50 0.317 0.446 0.462 0.400 0.561 0.635 0.602 0.312 0.647
100 0.345 0.457 0.485 0.412 0.578 0.637 0.602 0.310 0.649
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study. During the experiment, AA, RDPH, and
FPAR features are calculated every 256 pulses,
with a 128-pulse overlap between adjacent fea-
tures. For comparative analysis, this study con-
ducts comparison experiments using the original
three-feature detector based on AA, RDPH, and
FPAR, the time-Doppler domain three-feature de-
tector?”)| and the speckle consistency factor de-
tector?®. In this analysis, the number of pulses
used to compute each individual feature is 256.
Compared with the proposed method, the three-
feature detector based on AA, RDPH, and FPAR
directly employs these features to train a convex
hull classifier for detection, which serves as the
original feature detection method for the pro-
posed algorithm. The detector proposed in Ref.
[22] employs one time-domain amplitude feature
and two Doppler spectrum features for detection.
Meanwhile, the consistency factor detector de-
tects targets based on the stationarity difference
characteristics between speckle components in sea
clutter and target echoes.

Fig. 11 shows the detection probability curves
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and false alarm probability (P = 0.001) of four
detectors under four polarization datasets.
Clearly, compared with single-feature detectors,
the three-feature detectors exhibit significantly
improved detection probabilities. The main reas-
on is that a single feature struggles to handle all
detection scenarios, and using more discriminat-
ive features is a crucial approach to enhance the
stability of detector performance. In most data-
sets, the proposed detector achieves the best per-
formance among the four detectors. Compared
with the original three-feature detector, the pro-
posed detector in this study shows substantial im-
provement in detection performance. This en-
hancement is primarily due to the fact that the
proposed detector leverages temporal information
from the feature data of the historical frame for
the original three features (AA, RDPH, and
FPAR). This way addresses the underutilization
of prior information in the original feature detec-
tion method and increases the informational con-
tent of the features. As shown in Fig. 11, when

the original three-feature detector has a lower cor-
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Fig. 11 Detection probabilities of the four detectors
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rect detection probability, the proposed method
achieves a greater improvement in detection prob-
ability. Conversely, when the original three-fea-
ture detector has a higher correct detection prob-
ability, the improvement from the proposed meth-
od is smaller. This finding is attributed to two
reasons. First, when the original three-feature de-
tector performs poorly, the dataset generally has
a lower SCR, which leads to more “outliers” in
the AA, RDPH, and FPAR features of sea clut-
ter. The proposed method corrects these outliers
using prior information from historical frame fea-
tures. By contrast, when the original three-fea-
ture detector performs well, the dataset typically
has a higher SCR, with fewer outliers in sea clut-

ter features, which results in limited correction by
the proposed method. Second, the threshold ef-
fect also plays a role.

The number of pulses used to extract AA,
RDPH, and FPAR features is adjusted: With 128
pulses, adjacent features share a 64-pulse overlap
in the pulse data; with 512 pulses, adjacent fea-
tures share a 256-pulse overlap, while other para-
meters remain unchanged. The experimental res-
ults are displayed in Tab. 5. In most cases, the
detector proposed in this study achieves the best
performance among the four detectors. Under the
three pulse number conditions, the proposed de-
tector consistently enhances the performance of

the original three-feature detector.

Tab. 5 The effect of the number of pulses on the four detectors

#17 #26 #320
Number of pulses Detector
HH \AY HV HH \A% HV HH \A% HV
Consistency factor detector® 0.272  0.035 0.214 0.151 0.234  0.200 0.363  0.108  0.469
198 Detector in Ref. [22] 0.521  0.237  0.544 0.286  0.366  0.473 0.553  0.556  0.825
Original three-feature detector ~ 0.595  0.257  0.509 0.211  0.389  0.466 0.628  0.487  0.754
Proposed detector 0.642  0.304  0.544 0.281  0.403  0.528 0.745  0.674  0.855
Consistency factor detector®) 0.368  0.062  0.220 0.185  0.281  0.249 0.319 0.115  0.461
956 Detector in Ref. [22] 0.595  0.202  0.510 0.361  0.555  0.578 0.654  0.693  0.840
Original three-feature detector ~ 0.627  0.310  0.537 0.343  0.565  0.645 0.688  0.594  0.763
Proposed detector 0.716  0.389  0.666 0.474  0.567  0.701 0.787  0.748  0.873
Consistency factor detector™  0.345  0.058 0.215  0.200 0.314  0.263  0.221  0.121  0.470
512 Detector in Ref. [22] 0.621  0.201  0.521 0.441  0.581  0.590 0.758  0.764  0.855
Original three-feature detector ~ 0.633  0.353  0.620 0.425 0.613  0.686 0.657  0.625  0.845
Proposed detector 0.731  0.428  0.792 0.544  0.620  0.747 0.803  0.783  0.908
5 Conclusion proposed based on the prediction of three fea-

This study proposes a method that uses an
AR model to perform temporal modeling and pre-
diction of radar echoes in the feature domain.
This approach leverages prior information on his-
torical frame features and forms new features for
detection based on this approach. The study
presents two main innovations. First, it applies
the AR model to model the AA, RDPH, and
FPAR feature sequences. Analysis of measured
data reveals that the AR model effectively fits
and achieves a 1-step prediction of the AA,
RDPH, and FPAR feature sequences. Second, it
introduces a feature value extraction method that
uses temporal information from historical frame
features as prior information. On this basis, an
improved target detection method in sea clutter is

tures (AA, RDPH, and FPAR). Comparative ex-
perimental results show that, compared with the
original three-feature detection method, the pro-
posed small-target detection method based on
three-feature prediction achieves significant per-
formance improvements. It effectively addresses
the insufficient utilization of inter-frame feature
temporal information in the original feature detec-

tion approach.
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