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Robust Space-Time Adaptive Track-Before-
Detect Algorithm Based on Persymmetry
and Symmetric Spectrum

Xiaojing Su‘g, Da Xu, Dongsheng Zhu, Zhixun Ma

Abstract: Underwater monopulse space-time adaptive track-before-detect method, which combines
space-time adaptive detector (STAD) and the track-before-detect algorithm based on dynamic pro-
gramming (DP-TBD), denoted as STAD-DP-TBD, can effectively detect low-speed weak targets.
However, due to the complexity and variability of the underwater environment, it is difficult to
obtain sufficient secondary data, resulting in a serious decline in the detection and tracking perfor-
mance, and leading to poor robustness of the algorithm. In this paper, based on the adaptive
matched filter (AMF) test and the RAO test, underwater monopulse AMF-DP-TBD algorithm and
RAO-DP-TBD algorithm which incorporate persymmetry and symmetric spectrum, denoted as PS-
AMF-DP-TBD and PS-RAO-DP-TBD, are proposed and compared with the AMF-DP-TBD algo-
rithm and RAO-DP-TBD algorithm based on persymmetry array, denoted as P~ AMF-DP-TBD and
P-RAO-DP-TBD. The simulation results show that the four methods can work normally with suffi-
cient secondary data and slightly insufficient secondary data, but when the secondary data is
severely insufficient, the P-AMF-DP-TBD and P-RAO-DP-TBD algorithms has failed while the PS-
AMF-DP-TBD and PS-RAO-DP-TBD algorithms still have good detection and tracking capabili-

ties.

Keywords: space-time adaptive detection; track before detect; robustness; persymmetric property;

symmetric spectrum; AMF test; RAO test

1 Introduction

In the complex hydrological environment of shal-
low water, reverberation seriously affects the
detection performance of the active sonar. Espe-
cially when the sonar carrier has a certain veloc-
ity, the reverberation received from different
directions has different Doppler frequency shifts,
resulting in a large expansion of its power spec-

trum in the space-time two-dimensional plane,
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showing the characteristics of space-time cou-
pling [1-3]. With the miniaturization, low-speed
and better acoustic concealment of underwater
targets such as unmanned vehicles and sub-
marines, the target echo signal is very weak. As a
result, low-speed weak targets are submerged in
the reverberation and unable to be effectively
detected with single frame data.

In order to solve the problem mentioned
above, an underwater monopulse space-time
adaptive track-before-detect method [4], which
uses the decision statistic of underwater mono-
pulse space-time adaptive detection (STAD) [5]
as the value function of the track-before-detect
method based on dynamic programming (DP-
TBD) [6,7], denoted as STAD-DP-TBD, is pro-
posed. This method effectively combines the
STAD and the DP-TBD, and improves the out-


mailto:xxj@mail.ioa.ac.cn
https://doi.org/10.15918/j.jbit1004-0579.2023.090
https://doi.org/10.15918/j.jbit1004-0579.2023.090
https://doi.org/10.15918/j.jbit1004-0579.2023.090

Journal of Beijing Institute of Technology, 2024, Vol. 33, No. 1

put signal-to-reverberation ratio by suppressing
reverberation and multi-frame accumulation, so
as to realize effective detection and tracking of
low-speed weak targets. Although the underwa-
ter monopulse STAD-DP-TBD model suitable for
motion sonar in shadow water has been con-
structed [4], there are still several problems to be
solved, especially the poor robustness of the algo-
rithm due to insufficient secondary data. Due to
the complex and variable underwater environ-
ment, the motion sonar often works in the non-
homogeneous reverberation environments, mak-
ing it difficult to obtain sufficient independent
and identically distributed
According to the RMB criterion [8], the number
of secondary data can not be less than twice of

secondary data.

the space-time dimension of the system in order
to ensure that the detection loss of the algo-
rithm does not exceed 3 dB.

Insufficient secondary data can lead to inac-
curate estimation of the covariance matrix,
thereby affecting the accuracy of the algorithm.
There are two important kinds of a priori infor-
mation on the reverberation which can be incor-
porated in solving the detection problem in sam-
ple-starved scenarios. One is the persymmetric
structure [9-11] of the reverberation covariance
matrix due to the array geometry and the other
is that the power spectral density (PSD) of the
reverberation has a symmetric property with
respect to zero-Doppler frequency [12,13]. The
two kinds of a priori information can yield struc-
tures that involve less unknown parameters to
characterize the unknown covariance matrix so
as to obtain an enhanced estimate [11]. The
STAD-DP-TBD method based on persymmetry
array [14] can improve the robustness of the algo-
rithm, and has better detection and tracking per-
formances when the secondary is slightly insuffi-
cient. However, there is still a problem of poor
robustness when the secondary data is severely
insufficient. In order to further improve the
robustness of the algorithm, this paper combines

the two kinds of a prior information to propose a

robust space-time adaptive track-before-detect

algorithm suitable for active sonar.

2 Underwater Monopulse STAD-
DP-TBD Algorithm

Assume that the array in sonar system is a lin-
ear array of N identical and uniformly dis-
tributed sensors. The number of range cells is L,
and the sampling points in each range cell is M.
The sonar system emits monopulse signal once to
obtain (MN x L)-dimensional space-time data,
which is called one frame data. It emits
monopulse signal K times, that is, it scans the
detection area K times to obtain K frames echo
data. When the [-th range cell is scanned at the
k-th time, the MN sampled data can be obtained,
which form an observation vector z,,. H, and H,
are referred to as null hypothesis and alternative
hypothesis, respectively. Then the detection

problem of point-like target can be described as
l=1,---,L, k=1, ,K

2k = akv(vdk; Usk) + nyy,
l=l,e{l,--,L}, k=1,--- K
Zie = Ny,

le {17 e ’L}\{lk}v

0+ 2 = My,

H, :
k=1,--- K

(D
where

1) mn, ~CN(0,R,) follows a complex circu-
larly symmetric Gaussian distribution with zero
mean and a covariance matrix of R,.

2) «, is the amplitude of the target during
the k-th scan.

3) 1, is the range cell where the target exists
during the k-th scan.

4) v(Vap, Vi) = 81 (Var) ® 8.1.(v.,) is the space-
time steering vector, where s,.(vy,) is the spatial
steering vector, and s,,(v.,) is time-domain steer-
ing vector.

5) The reverberation covariance matrix for
each scan is invariant in the homogeneous envi-
ronment, that is R, =--- = Ry.

STAD uses the AMF and the RAO respec-

tively, and the decision statistics of the two
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detectors respectively are taken as the value
function of DP-TBD, then the AMF-DP-TBD
algorithm and the RAO-DP-TBD algorithm are
obtained.

The decision criterion of the AMF-DP-TBD

in the homogeneous environment [4] is

K oA
V(v R 'z 2 Hy
maxz | ( k)H D lkvk‘ 2 7ame-Dp-TBD (2)
pes k=1 U(vk) Rfl’v(vk) Ho

where D represents the range-doppler position
where the target is present in the range-Doppler
plane, v(v,) represents the space-time steering
vector of the k-th scan, z, .represents the obser-
vation vector of the range cell [, with the target
during the k-th scan, nauroersp represents the deci-
sion threshold of the AMF-DP-TBD.

When signal-to-reverberation ratio is low, R

can be approximated as
1 K L
> 3 H
R = 7KL;;ZMZZ”“ 3

where z,, represents the observation vector of
the [-th range cell during the k-th scan.
The decision criterion of the RAO-DP-TBD

in the homogeneous environment [4] is

maxz |UH<vk)(zlk,kzsz,k + Slk.k>71zlk,k|2
Des v () (2, w28 4 i k) 0(0)

k=1 4
Hy
2 T)RAO-DP-TBD
Ho
L
where S, ., = > 2.2/, is the sample covari-

1=1,17#1,
ance matrix during the k-th scan, and 7rao.pp.1p

represents the decision threshold of the RAO-DP-
TBD.

Use (2) and (4) as the value function of the
DP-TBD algorithm for dynamic programming
iteration. At the k-th scan(2 < k < K), find and
record the state that can maximize the value
function in all possible states «,_, that may
transit to the state x,. Compare the final cumu-
lative maximum value function with the thresh-
old to get the target detection result, and then
use the maximum value function of the last

frame to achieve trajectory backtracking and

estimate the target trajectory.

The evaluating indicators of the STAD-DP-
TBD algorithm [4] include the detection proba-
bility P, and theaccuratetracking probability P,. P,
is the probability that the maximum cumulative
value function exceeds the detection threshold
when the target exists. And P, refers to the
probability that the error between the estimated
target trajectory and the actual target trajectory
in each frame is within the allowable error range
when the target is detected. Here, the accurate
tracking means that the estimated target trajec-
tory and the actual target trajectory in each
frame are in the same range cell, that is, the

allowed error range is zero.

3 STAD-DP-TBD Algorithm Based
on Persymmetry and Symmetric

Spectrum

3.1 Problem Modeling

One frame data in Eq. (1) is taken in order to
facilitate the analysis of the problem, then the
binary hypothesis testing problem can be writ-

ten as the following form

where z is the data under test(primary data),
and z, is the secondary data. o is an unknown
signal amplitude which is modeled as a determin-
istic factor, and v is the target space-time steer-
ing vector. n and n, are independent and identi-
cally distributed circularly symmetric complex
Gaussian reverberation vectors with zero mean

and covariance matrix R.

3.2 Persymmetric Structure

For an active system utilizing symmetrically
spaced linear array for spatial domain processing,
or symmetrically spaced pulse train for temporal
covariance

domain processing, the resultant
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matrix and the steering vector have the persym-
metric property: it is conjugate symmetric about
the main diagonal and symmetric about the sec-
ondary diagonal. z and z, are conjugate symmet-

ric vectors, then construct new vectors as below

za:%Jz* (6)
zb:Z_‘ZIZ* )
zal:%']z’*,lzl,Q,---,L—l (8)
zblzz’_Tle*,l:Lz,---,L—l (9

where z,,z,,z,, and 2z, are independent and
identically distributed circularly symmetric com-
plex Gaussian vectors. (*)” denotes complex con-
a MN-dimen-

sional permutation matrix where the entries of

jugate operation.J € RMN*MNig

the main cross-diagonal are one and the remain-

ing entries are zero, written as the following form

00 --- 01
00 --- 10
J=1| . . o (10
10 --- 00
Then
Elz.z)| =E[z,2,] = E[zuz,] =
Elz,z,] =R/2 (1D

Perform the covariance matrix estimate
using the secondary data

L—-1

R=-— > (za2l + 20zl (12)

=1

where (-)" denotes complex conjugate transpose
operation.
As a consequence, we can recase problem

(5) into the equivalent form

2y =Ny, 2, =T

H, :
Zo =My, 2y =Myl =1,--- L -1
Z, =,V +MN,, 2, =q,UV+MNn,
H, :
Zy =Ny, Zy =Ny, l=1,--- L —1
(13)

where n, = (n+Jn")/2, n,=(n—Jn")/2, n, =

(n, +Jn,*)/2, ny,=mn,—JIn>)/2, «a,=Re{a},
a; =Im{a}, Re(-) denotes the operation of tak-
ing the real part, and Im(-) takes the imaginary
part.

Observe that the number of secondary data

is twice that in problem (5).

3.3 Spectral Symmetric Property

Further considering the spectral symmetric prop-
erty, it can be concluded from [12,13] that the
PSD of the reverberation has a symmetric prop-
erty with respect to zero-Doppler frequency, so
the covariance matrix is real-valued which
implies that the real and imaginary parts of n,,
n,, n, and m, are statistically independent and
identically distributed real Gaussian vectors. The
received data is modeled by using circular sym-

metric complex Gaussian vectors

Z.. = Re{z,}
i) =
2z, =Im{z,}
Za, = Re{z,}
R o

Zy; = Im {zbl}

where 2., ,24i,20,24i 1 Zatr s Zari ;20 and - zy;  are
independent and identically distributed real
Gaussian vectors, and
H H
Elz.z,,| = Elz.z,]
H _ H
E [zbrzbr] - E [zbizbi]

Elz.,2).] = E 2.2,

alr ali

Elzy,2,,] = E 2wz,

Combing the persymmetric property, it is
obtained that
Elz. 2, =F[z.2,] = Elz,2,] =
E [Zbizm =F [Za“‘z:l7~] =
E [zalizzli] =FK [zblr'z:zr] =
Elzu.z),]=R/4=Q (16)

Estimate the reverberation covariance

matrix
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. 1
RPS:L_l

L—1 L—1 L—1 L—1

E : H 2 : H E : H 2 : H
zalrzalf" zalizau + zblrzbzf" zbl’izbli

1=1 1=1 1=1 1=1

an

X

Thus, problem (13) is equivalent to

Zar = NMory Zai = Miy Zpr = My 2 = Ty,
Ho: S 2ot = Moty Zati = Matis Zoir = Ny Zoii = My
I=1,-- L—1

Zar = Q0 + nar7 Zai = ar’vi + nai
Zy = Q0+ My Zp = Q0 + My,

H;:
Zatr = NMairs Zati = Matis Zoir = Mpiry Zori = Mpray
l=1,--,L—-1
(18
where n,. = Re{n,},n,, =Im{n,}, n,. =Re{n,},
ny,; =Im{n,}, n.,. =Re{n,}, n., =In{n,},
n,, = Re {nbl}y 1y, = Re {nbl}7 v, = Re {v}a v, =

Re {v}.
Notice that the number of secondary data in
problem (18) is four times the number of sec-

ondary data in problem (5).
3.4 Detector Designs

First, define as follows
1) Define Z as the primary data matrix,
Z =Z,,2,] € RMV** where

Z, = [za'r‘7zai] S RMNxza

Z, = [zhr7 zm‘] € RMNx2

2) Z, is the secondary data
Zy =214, Zo) € RMN*HE-D ywhere

Z,, = [zalm Za2rs "ty Ra(L—1)r) RaliryRa2is " " 7za(L—1)i]
c RMNX2(L—1)

Zyy = [zblr7 Zbary "ty RBb(L—1)ry FblisR@b2iy " " azb(L—l)i]
c RMNXQ(L—l)

3) V is space-time steering vector
V= [’UT,’UJ c RMNx2
4) 0, is the parameter vector of estimated
target

0. =[a,,q,]" € R®!

5) 0, is nuisance parameter vector
0.=[1,p"(Q)] € RUMN-DMN/24Dx1 "where p(Q)

is a vector-valued function that selected in

unequivocal way the elements of a symmetric
matrix Q.
6) @ is the entire parameter vector
0 — [GTT’ OST]T
Under the above definition, the joint proba-
bility density function of Zand Z, under H, is

1
fl(Z’ Zy; 0) = (27T)2IVINLdet2L(Q) x
exp{—%Tr[Qfl(Tl(e,.) +S)) (19)
where

T.(0,) =(Z, — a,V)(Z, — a,V)'+
(Z, — V) (Zy — V)" (20)
S =27 2D

The joint probability density function of Z

and Z, under H, is

2. 208) = G gy
exp{—%Tr[R‘l(To(GT.) + S} 22)
where
T,0,) = Z,Z' + Z,Z! (23)

34.1 AMF-DP-TBD Based on Persymmetry
and Symmetric Spectrum
For the (18), the AMF-DP-TBD

method using persymmetric and spectral sym-

problem

metric property is proposed based on the AMF
test in the homogeneous reverberation back-
ground, denoted as PS-AMF-DP-TBD.

The AMF detection criterion for known Q in

a homogeneous background [4] is

max f,(Z;Q,90,) ",

nze a2
Take the logarithm of equation (24), and
get
TH(2,/Q7Z, + 2./Q7Z.) — min g0, ) 2 s
o 25
where
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gla,, o) =Tr[(Z, — ,V)'Q ' (Z, — .V )+
(Z, —a,V)' Q7 (Z, — a; V)] (26)

Set to zero the gradient of (26) with respect
to a, and «,, then obtain

6.(Q) =Tr(V'Q—Z)/Tr(V'Q~'V) (27

4 (Q)=Tr(V'Q'Z,)/Tr(V'Q™'V)  (28)

Substitute Eqs. (27) and (28) into (25),
and replace @ with S, then get the decision
statistic of the AMF based on persymmetric and
symmetric spectrum, noted as PS-AMF

T*(V'SZ,)+ Tr*(V'S—Z,) "

2 PS-AMF (29
Te(VIS—1V) = )

Then obtain the value function of the PS-
AMF-DP-TBD

K
T (V]S ' Z,) + TE (]S, Z,0)
‘}32‘2‘; Tr(V'S, 'V, G0y

Hy

2 T]pS-AMF-DP-TBD
Ho

where V, represents the space-time steering vec-
tor being transformed into the real domain dur-
ing the kth scan, S, represents the sample
covariance matrix based on secondary data dur-
ing the kth scan, Tr(-) denotes the trace of a
matrix, and #pspaopprsp represents the decision
threshold of the PS-AMF-DP-TBD.
34.2 RAO-DP-TBD Based on Persymmetry
and Symmetric Spectrum
For the problem (18), the RAO-DP-TBD
method using persymmetric and spectral sym-
metric property is proposed based on the RAO
test in the homogeneous reverberation back-
ground, denoted as PS-RAO-DP-TBD.
The RAO detection criterion [15] is
olnf(Z,2,0)]
00,
olnf,(Z,Z,;0)
00,

» [J*I (éo)} L
Hy

Z Tlrsrao 3D

=6, Mo

where g, — [OIO’éTO}T and 6,, = [0,0]", 9&0

S,

repre-
sents the maximum likelihood estimate of 6,
under Hy. mwsro Represents the threshold of the
RAO based on persymmetry and symmetric spec-

trum, noted as PS-RAQO, and J(8) = J(0.,0,) is

Fisher information matrix, denoted as

[ T0n(8) Ton(0)
J(e)—[Jes,e,(e) Jes,es(e)] G

Then get
olnf(Z,Z,;0) 9 TrV'Q*(Z, — a, V)]
00, N TrI[V'Q ' (Z, — o, V)]
(33)
[J71(6,)] L I, (34)

o0~ OTH[VTQ V]

where I, represents 2x2-dimensional identity
matrix.
Then get the decision statistic of PS-RAO
T (V'R;'Z,) + Tr* (V'R ' Z,) ™

i 2 e (35)
TH(V'R; V) 5 o

The maximum likelihood estimate of the
sample covariance matrix under H, is
. ZZ"+ S

Ro = 4L

Then obtain the value function of the PS-

RAO-DP-TBD

(36

masz: Trz(VkTnglZlk) + Tr2(VkTR§k1Z2k)
Des Tr(VIR;'V + k)
Hy

2 T)PS-RAO-DP-TBD ( 37 )

Ho

where R~ represents the sample covariance
matrix based on primary data and secondary
data during the Akth scan, and #pspaopprsp TEPTE-
sents the decision threshold of the PS-RAO-DP-
TBD.

The workflow of the above schemes is sum-

marized as Tab. 1.

4 Simulation Test

In this section, the performance of the proposed
methods under the conditions of sufficient sec-
ondary data (the number of secondary data is
twice that of the space-time dimension, that is
L =2MN +1), slightly insufficient secondary
data (the number of secondary data is consis-
tent with the space-time dimension, that is
L= MN +1) and severely insufficient secondary
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Tab. 1 Workflow of proposed algorithm

Procedure Content

Modeli Establish the binary hypothesis testing model of the target to be detected based on the persymmetry and
odelin,
& spectral symmetry of reverberation covariance matrix

The value functions of PS-AMF-DP-TBD and PS-RAO-DP-TBD are obtained respectively based on AMF
test and Rao test

Iterative accumulation The above functions are used for dynamic iterative optimization

Deduce value function

. . .. Compare the final cumulative maximum value function with the threshold to get the target detection
End of iteration and decision Tt
resu

Use the maximum value function of the last frame to achieve trajectory backtracking and estimate the

Trajectory backtracking .
target trajectory

data (the number of secondary data is one less 1.0 A
than half of the space-time dimension, that is, 097 :Tg_s,;‘;fﬁﬂ;?f’{TB%D
L= MN/2), are discussed respectively and com- 081 —a— PS-RAO-DP-TBD

0.7} -t P-RAO-DP-TBD
pared with the AMF-DP-TBD method based on 06l
persymmetry array (denoted as P-AMF-DP- Q= 05F
TBD), as well as the RAO-DP-TBD method 041
based on persymmetry array (denoted as P- 031
RAO-DP-TBD). Simulation parameters: N =5, g?
M =20, MN =100, and K = 6. ' e il

0 5 10 15

Fig. 1 and Fig. 2 respectively show the com- SRR (dB)

arison of the detection probability and the accu-
p P Y Fig. 2 Accurate tracking probability whenL = 2MN + 1

rate tracking probability of the PS-AMF-DP-
TBD. PS-RAO-DP-TBD. P-AMF-DP-TBD

and P-RAO-DP-TBD algorithms when the sec- (l)ig_ —— PS-AMF-DP-TBD i
ondary data is sufficient (L =2MN +1). Fig. 3 08l ::;égg_)g;?g])
and Fig. 4 respectively show the comparison 0.7} -4~ P-RAO-DP-TED
when the secondary data is slightly insufficient } 06
(L=MN +1), while Fig. 5 and Fig. 6 respec- = g:i
tively show the comparison in case of severely 0.3
insufficient secondary data(L = MN/2). 0.2
As can be seen From Fig. 1 and Fig. 2, when 01
the secondary data is sufficient, the four meth- o1 -5 0 5 10 15

ods can work normally. Moreover, the PS-RAO- SRR (d8)

DP-TBD and the PS-AMF-DP-TBD algorithms

N 1.0
09} —*— PS-AMF-DP-TBD
- P-AMF-DP-TBD
0.8 —a— PS-RAO-DP-TBD
0.7F =t P-RAO-DP-TBD

Fig. 3  Detection probability when L = MN + 1

1.0

09| —*— PS-AMF-DP-TBD
~w# P.AMF-DP-TBD

0.8 —a— PS-RAO-DP-TBD

0.7 - P-RAO-DP-TBD

0.6 0.6
al 0.5 QC05¢F
0.4 0.4t
0.3 0.3
0.2 0.2
0.1 A 0.1
heheddottdeded : : 04
-10 -5 0 5 10 15 0 5 10 15
SRR (dB) SRR (dB)
Fig. 1  Detection probability when L = 2MN + 1 Fig. 4  Accurate tracking probability when L = MN + 1
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o aaa
0.9 —*— PS-AMF-DP-TBD
| s P-AMF-DP-TBD

0.8 —a— PS-RAO-DP-TBD
07} -t P-RAO-DP-TBD
0.6
Q®05F
041
03}
02}
0.1F

04
-10 =5 0 5 10 15

SRR (dB)
Fig. 5 Detection probability when L = M N /2

1.0
09} —— PS-AMF-DP-TBD
: e PLAMF-DP-TBD
0.8 —a— PS-RAO-DP-TBD
0.7+ =& P-RAO-DP-TBD
0.6
Q705
041
03+
021
0.1F
0 5 10 15

SRR (dB)
Fig. 6  Accurate tracking probability when L = M N /2

have better detection performance and tracking
accuracy. When the detection probability is 0.9,
the detection probability of the PS-RAO-DP-
TBD is slightly higher than that of the PS-AMF-
DP-TBD. Compared with the P-RAO-DP-TBD,
the PS-RAO-DP-TBD has a detection perfor-
mance improvement of less than 1 dB. Com-
pared with the P-AMF-DP-TBD, the detection
PS-AMF-DP-TBD s
improved by over 1 dB. When the accurate

performance of the

tracking probability is 0.9, the accurate tracking
probability curves of the four almost coincide.
The PS-RAO-DP-TBD and the PS-AMF-DP-
TBD have a performance improvement of about
1 dB compared with the P-RAO-DP-TBD and
the P-AMF-DP-TBD.

Fig. 3 and Fig. 4 show that when the sec-
ondary data is slightly insufficient, the four
methods can also work normally, and the PS-
RAO-DP-TBD and the PS-AMF-DP-TBD algo-

rithms have better detection performance and

tracking accuracy. When the detection probabil-
ity is 0.9, the detection performance of the PS-
RAO-DP-TBD is nearly 1 dB better than that of
the PS-AMF-DP-TBD. Compared with the P-
RAO-DP-TBD, the detection performance of the
PS-RAO-DP-TBD is improved by about 2 dB.
Compared with the P-AMF-DP-TBD, the detec-
tion performance of the PS-AMF-DP-TBD is
improved by over 2 dB. When the accurate
tracking probability is 0.9, the accurate tracking
probability curves of the PS-RAO-DP-TBD and
the PS-AMF-DP-TBD almost coincide, while the
P-RAO-DP-TBD and P-AMF-DP-TBD have the
same situation. Compared with the P-RAO-DP-
TBD and the P-AMF-DP-TBD, the PS-RAO-
DP-TBD and the PS-AMF-DP-TBD have a per-
formance improvement of about 2 dB.

According to Fig. 5 and Fig. 6, when the
secondary data is severely insufficient, the P-
RAO-DP-TBD and the P-AMF-DP-TBD algo-
rithms have become ineffective, while the PS-
RAO-DP-TBD and the PS-AMF-DP-TBD algo-
rithms still have good detection and tracking per-
formance. When the detection probability is 0.9,
the PS-RAO-DP-TBD has more than 2 dB
improvement over the PS-AMF-DP-TBD algo-
rithm. The accurate tracking probability curves
of the PS-RAO-DP-TBD and the PS-AMF-DP-
TBD cross. When the signal-to-reverberation
ratio is below 13.5 dB, the accurate tracking
probability of the PS-RAO-DP-TBD is higher
than that of the PS-AMF-DP-TBD.

The greater the number of secondary data,
the higher the estimation precision of reverbera-
tion covariance matrix. The number of sec-
ondary data based on persymmetry and symmet-
ric spectrum is twice that of the persymmetry
structure. Therefore, when the secondary data is
sufficient and slightly insufficient, the detection
accuracy and tracking accuracy of STAD-DP-
TBD algorithm based on persymmetry and sym-
metric spectrum are better than that of STAD-
DP-TBD algorithm based on persymmetry. How-

ever, when the secondary data is seriously insuffi-
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cient, the number of secondary data based on
persymmetry and symmetric spectrum is slightly
less than twice of the space-time dimension,
while the number of secondary data based on
persymmetry is less than space-time dimension.
Therefore, when the secondary data is seriously
insufficient, STAD-DP-TBD algorithm based on
persymmetry becomes ineffective, while the
STAD-DP-TBD algorithm based on persymme-
try and symmetric spectrum can work normally.
In addition, the time cost of different algo-

rithms is compared in Tab. 2.

Tab. 2 Comparation of time cost

Algorithms Time cost (s)
PS-AMF-DP-TBD 0.1191
P-AMF-DP-TBD 0.1229
PS-RAO-DP-TBD 0.2324
P-RAO-DP-TBD 0.2277

As can be seen from Tab. 2, the time cost of
the proposed algorithm is basically the same as
that of the algorithm based on persymmetry.

5 Conclusion

This article aims to address the issue of algo-
rithm performance degradation caused by insuffi-
cient secondary data in the homogeneous rever-
beration background. The persymmetric symme-
try and the spectral symmetry are combined and
introduced into the binary hypothesis testing
model. The hypothesis testing problem is trans-
formed from the complex domain to the real
domain, which is equivalent to increasing the
length of the secondary data to four times, effec-
tively improving the estimation accuracy of the
reverberation covariance matrix. The PS-AMF-
DP-TBD algorithm and PS-RAO-DP-TBD algo-
rithm are proposed based on the AMF test and
the RAO test respectively. The simulation results
show that when the secondary data is insuffi-
cient, the new method has higher robustness. The
new method solves the problem of reduced tar-
get detection performance with small sample

data, effectively improving the target detection

and tracking performance of the sonar system.
The proposed algorithm is based on the ideal
target sampling model of point-like target, which
assumes that the target echo appears at the sam-
pling time without energy leakage. In fact, the
energy leakage often exists, so it is necessary to
consider how to improve the robustness of
STAD-DP-TBD algorithm in this case.

References:

[1] R. J. Vaccaro, “The past, present, and the future
of underwater acoustic signal processing, ” IEFE
Signal Processing Magazine, vol. 15, no. 4, pp. 21-
51, 1998.

[2] Y. Zhu, Principle of active sonar detection infor-
mation. Beijing: Science Press, 2014.

[3] J. Liu, L. Zhu and S. Yan, “A spatiotemporal cou-
pled statistical model for motion platform reverber-
ation, 7 Journal of Acoustics, vol. 15, no. 4, pp.
481-494, 2018.

[4] J. Wei, “Space time adaptive processing and track
before detection for shallow water moving plat-
form, ” M. S. theses, University of Chinese
Academy of Sciences, 2020.

[5] C. Hao, B. Shi, S. Yan, and D. Xu, “Active sonar
reverberation suppression and target detection
technology, ” Technology Review, vol. 35, no. 20,
pp. 102-108, 2017.

[6] Y. Barniv, “Dynamic programming solution for
detecting dim moving targets, ” IEEE Transac-
tions on Aerospace and Electronic Systems, vol.
AES-21, no. 1, pp. 144-156, 1985.

[71 S. Chen, F. Luo, L. Zhang, C. Hu, and S. Chen,
“Maneuvering target track-before-detect method
using dynamic programming, ” Journal of Xidian
University, vol. 44, no. 5, pp. 39-45, 2017.

[8] 1. S. Reed, J. D. Mallett, and L. E. Brennan,
“Rapid convergence rate in adaptive arrays, ”
IEEE Transactions on Aerospace and Electronic

Systems, vol. AES-10, no. 6, pp. 853-863, 1974.

[9] L. Cai and H. Wang, “A persymmetric multiband
GLR algorithm, ” IEEE Transactions on
Aerospace and FElectronic Systems, vol. 28, no. 3,
pp. 806-816, 1992.

(10] C. Hao, D. Orlando, and X. Ma, “Persymmetric
Rao and Wald tests for partially homogeneous
environment, ” IEEE Signal Processing Letters,
vol. 19, no. 9, pp. 587-590, 2012.

[11] C. Hao, D. Orlando, J. Liu, and C. Yin, Advances

in adaptive radar detection and range estimation.



Journal of Beijing Institute of Technology, 2024, Vol. 33, No. 1

Beijing: Science Press, 2022.

[12] A. D. Maio, D. Orlando, and C. Hao, “Adaptive
detection of points-like targets in spectrally sym-
metric interference, ” IFEE Transactions on Sig-
nal Processing, vol. 64, no. 12, pp. 3207-3220, 2016.

[13] G. Foglia, C. Hao, A. Farina, G. Giunta, D.
Orlando, and C. Hou, “Adaptive detection of
point-like targets in partially homogeneous clutter
with symmetric spectrum, ” IEEE Transactions on
Aerospace and Electronic System, vol. 53, no. 4,
pp. 2110-2119, 2017.

[14] X. Su, D. Zhu, D. Xu, and L. Yan, “Robust space-
time adaptive track before detect algorithm based
on persymmetric array, ” in 13th IEEE Interna-
tional Conference on Signal Processing, Communi-
cations and Computing, 2023.

[156] C. Hao, D. Orlando, and G. Foglia, “Knowledge-
based adaptive detection: Joint exploitation of clut-
ter and system symmetry properties, ” IEEE Sig-
nal Processing Letters, vol. 23, no. 10, pp. 1489-
1493, 2016.

Xiaojing Su received her M.S. degree
from Graduate University of Chinese
Academy of Sciences, Beijing, China, in
2012. She is currently pursuing the
Ph.D. degree with the Institute of
Acoustics Chinese Academy of Sciences,

Beijing, China. Her research interests

include space-time signal processing, signal detection and

underwater acoustic signal processing.

Da Xu received his Ph.D. degree from
University of Chinese Academy of Sci-
ences, Beijing, China, in 2021. He is cur-
rently a professor with Institute of
Acoustics, Chinese Academy of Sciences.
His research interests include radar sig-
nal processing, space-time signal process-

ing, adaptive signal processing and signal detection.

Dongsheng Zhu received his M.S. degree
in Control Theory and Control Engineer-
ing from Yanshan University, Qinhuang-
dao, China, in 2016. He is currently a
research assistant with Institute of
Acoustics, Chinese Academy of Sciences,
Beijing. His research interests include

CFAR detection, STAP and underwater acoustic signal

processing.

Zhixun Ma received his M.S. degree in
Electronic  Engineering from Beijing

Institute  of  Technology, Beijing,

> f China, in 2017. He is currently pursuing

. the Ph.D. degree with Institute of
‘\ y . Acoustics Chinese Academy of Sciences,
Beijing, China. His research interests

include CFAR detection, radar and underwater acoustic

signal processing.

— 74 —



	1 Introduction
	2 Underwater Monopulse STAD-DP-TBD Algorithm
	3 STAD-DP-TBD Algorithm Based on Persymmetry and Symmetric Spectrum
	3.1 Problem Modeling
	3.2 Persymmetric Structure
	3.3 Spectral Symmetric Property
	3.4 Detector Designs
	3.4.1 AMF-DP-TBD Based on Persymmetry and Symmetric Spectrum
	3.4.2 RAO-DP-TBD Based on Persymmetry and Symmetric Spectrum


	4 Simulation Test
	5 Conclusion
	References

