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low-communication-rate spatial alignment in range-Doppler domain is proposed for
networked radars without the prior spatial information (positions and attitudes) of
radars, which is different from the existing methods in the trajectory domain or echo
domain for alignment. To reduce the radar-to-fusion-center communication-rate, the
method of initial constant false alarm rate detection is used to censor the signals in
range-Doppler domain from local radars. Based on the spatial alignment model for the
networked radars in geometry, a maximization problem is formulated. The objective
function is the cross-correlation between the range-Doppler domain signals from dif-
ferent local radars. The optimization problem is solved by a genetic algorithm. Simula-
tion results show that the rotation matrix and translation vector are estimated, and
the detection probability of the proposed algorithm is improved after alignment and
fusion compared with state-of-art methods.

Keywords: Spatial alignment, Networked radars, Low communication rate, Range-
Doppler domain, Genetic algorithm

1 Introduction

Networked radars can share different views of data from multiple stand-alone radars for
fusion so as to improve the target tracking accuracy. The information fusion of multiple
radars has the advantages of increasing the surveillance systems accuracy and enhancing
the reliability [1-4].

Before fusion, the data measured by local radars should be transformed to a common
spatial coordinate system to acquire the reliable information of targets [5]. However, due
to the deviation and measurement errors of radars, it is difficult to ensure the accuracy
for tracking. Therefore, a significant prerequisite for successful integration of networked
radars is the spatial alignment [6].

Previously proposed alignment methods for networked sensors fall into two classes.
The first class formulates alignment model based on target trajectories from local
radars. The Kalman filter (KF) alignment algorithm [7] was used to estimate sensor
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deviation parameters, and extended Kalman filter (EKF) [8], unscented Kalman fil-
ter (UKF) [9], sparse-grid quadrature Kalman filtering (SGQKF) [10] alignment were
proposed for nonlinear models. A linear least squares (LS) estimator of bias terms
was derived in [11], where the registration errors including attitudes, measurements,
and position biases were all considered. The attitudes here mean attitude (orientation)
angles. The attitude angles include three angles: the yaw angle, pitch angle and roll
angle. Based on LS registration, an exact least square (ELS) registration [12] was pre-
sented to correct the systematic errors for networked dissimilar sensors, and a recur-
sive two-step optimization algorithm was proposed to estimate both the target state
and sensor bias. A maximum likelihood registration (MLR) algorithm [13] was pro-
posed for the spatial alignment of multiple possibly dissimilar sensors, which output
estimates of the registration parameters, registered sensor measurements and target
locations. A distributed probability hypothesis density (PHD) filter for on-line joint
sensor registration [14] was presented for multi-target tracking by Doppler radars. An
alignment algorithm which registered asynchronous measurements from networked
radars was proposed in [15], where the positions, attitudes and delays of radars were
not required. In recent years, with the development of deep learning technology, the
alignment parameter estimations based on neural networks [16, 17] have been pro-
posed for networked radars.

The second class performs alignment in the signal level. The existing alignment algo-
rithm in the signal level transmits target echoes to the fusion center for comprehen-
sive processing, which takes full advantage of the echo information. A signal-domain
alignment algorithm for SAR was proposed in [18], which performed registration in
the pre-processing stage, i.e., in the target echo. Pulse correlation was used to align
the corresponding pulses and to correct the time delay. An alignment method based
on signal-domain Kalman filtering was presented in [19]. A Bayes based method was
derived to jointly estimate the range and DOA errors by comparing the reference
signal and return signal, and a precise measurement model for motion variables was
constructed to realize tracking combined with Kalman filter. To overcome the target
detection problem with registration errors in multistatic radar, a maximum likelihood
estimation-based generalized likelihood ratio test (ML-GLRT) detector and a maxi-
mum a posteriori estimation-based generalized likelihood ratio test (MAP-GLRT)
detector were proposed in [20]. Considering the influence of interference on target
detection, the Rao and Wald tests for subspace target detection were proposed in the
presence of three cases of coherent interference, namely, known interference, par-
tially known interference, and completely unknown interference [21]. A three-dimen-
sional (3D) reconstruction algorithm was proposed for multistatic ISAR systems
[22], and the target 3D geometry can be obtained by solving the projection equations
between the target 3D geometry and ISAR images. In [23], a multi-dimensional signal
model was established including the parameters on the target 3-D position, transla-
tion velocity, and rotating angular velocity. A gridless method based on atomic norm
optimization and the pairing correction were proposed to remove registration errors
and improve the accuracy. However, the aforementioned algorithms align the target
echo directly and usually require each radar station to transmit all the received sig-
nals to the fusion center for alignment, which requires a high-communication-rate.
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In addition, the signal submerged in noise reduces the accuracy of alignment in case
of low SNR. Moreover, prior spatial information (including locations and attitudes of
radar stations) are required.

Using the alignment method based on target trajectories (the first class), it is only
required to transmit the target trajectories measured by local radars to the fusion
center, and then the spatial alignment parameters can be estimated from the com-
prehensive processing by the fusion center. The advantage of such an approach is that
the communication-rate between the local radar and the fusion center is low. How-
ever, since only the data in the trajectory level is used, a lot of echo information is
discarded, which reduces the accuracy of the spatial alignment. Conversely, the align-
ment algorithm in the signal level (the second class) makes the best use of echo infor-
mation, and the accuracy of the spatial registration for networked radars is improved.
Accordingly, the required communication-rate increases substantially. The existing
alignment in the signal level uses the echo signal from multiple radars, and the align-
ment in the trajectory level uses the target trajectory. The echo signal contains more
informative data, therefore, the accuracy of the alignment in the signal level is higher
compared with that in the trajectory level. However, the amount of the data trans-
mission is too large if the whole echo is used in the alignment algorithm of the sig-
nal level. Only partial signals in the echo are available for global decision-making due
to power and bandwidth limitations. Therefore, the censoring method of the data is
important. If the censoring method is unreasonable and too much target information
in the echo is lost, the accuracy of the alignment in the signal level will be reduced.
Some quantitative fusion and censoring sensors algorithms [24—26] have been pro-
posed to reduce the communication-rate between the local radars and fusion center.
However, these low-communication-rate algorithms are discussed in the condition
that the data have been aligned exactly (i.e. there are no registration errors). There-
fore, these algorithms are not applicable to the transmission for unaligned signals.

In this paper, a low-communication-rate algorithm is proposed to estimate the spa-
tial alignment parameters for networked radars in range-Doppler domain. Multiple
radars preprocess the echoes received by the antenna and obtain their respective signals
after moving target detection (MTD). The signal in range-Doppler domain is used for
alignment, which is different from the existing alignment of the echo signal. In order to
reduce the radar-to-fusion-center communication-rate, initial constant false alarm rate
(CFAR) detection is used to censor the informative data in range-Doppler domain from
local radars. The parameters to be estimated for the spatial alignment include the rota-
tion matrix and translation vector. Based on the alignment model in geometry, a maxi-
mization problem is formulated. The objective function is the cross-correlation between
the range-Doppler domain signals from different local radars. The optimization problem
can be solved by a genetic algorithm (GA) to estimate the rotation matrix and transla-
tion vector. The technical contributions of this paper are summarized below:

1. A spatial alignment algorithm in range-Doppler domain is proposed for networked
radars without the prior information including positions and attitudes of local radars,
which is different from the existing methods in trajectory or echo domain for align-

ment and improves the alignment accuracy.
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2. Before transmission, the signals in range-Doppler domain are censored by initial
CFAR detection. Only data that exceed the threshold are transmitted to the fusion
center for alignment, which greatly reduces the communication-rate.

3. The objective function is established symmetrically, that is, local radars are respec-
tively used as the reference radar for alignment, which improves the accuracy for

alignment.

The rest of the paper is organized as follows. Section 2 proposes the alignment prob-
lem formulation in range-Doppler domain. The spatial alignment algorithm in range-
Doppler domain for networked radars is presented in Sect. 3. Section 4 provides

experimental results. Section 5 gives conclusions.

2 Problem formulation
The signal processing and fusion model for networked radars is shown in Fig. 1. Two
radars are considered as examples without loss of generality.

A linear frequency modulation (LFM) signal is selected as the detection signal for
networked radars. We assume that each coherent processing interval (CPI) contains
N pulse repetition intervals (PRIs), and the n-th transmitted pulse from radar A can

be expressed as

SA0 (tn, Z) = ao{rect<z) exp {jZn <fc (tn + E) + 1u22>} }, (1)
T, 2

where ag is the amplitude of transmitted signals, T}, is the pulse width, T, is the pulse rep-

etition interval, f; is the carrier frequency, u = T% is the chirp rate, B is the bandwidth of
1 0<x<1

, n is the index of the transmitted pulse ,
0 else

the LEM signal, rect(x) = {

t, = nT, is the slow time, t is the fast time. After down-conversion and digital beam
forming (DBF) in the receiver, the echo can be represented as

Radar B . Pulse Initial
M I Elevation/Azimuth
ONOPUISE | angle of target
angle
beam
measurement
center
Difference Monopulse
b angle
cam measurement_|Elevation/Azimuth
angle of target
Radar’ . . Pulse Initial
B Transmitter Receiver H Preprocessing CFAR
Fig. 1 The signal processing and fusion model for networked radars
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Sar (b t) = GAK, (tn ) § rect #

exp 12 (i + ) + 3l a0 9)” = a0} waln)

where G, is the antenna gain, KA(t,,,Z) is the amplitude of the echo signal,
7 2(Ra (tn)+vatl)
(5, ) = 2]

between radar A and the target at time £, vo denotes the radial velocity of the target to

is the delay of the target at time (tn,Z), R (ty) is the range

_ 2vp _ fe .
radar A, faq = = is the Dopp~ler frequency, 4 = 7 is the wave length, c is the electro-
magnetic wave velocity, wy (t,,, t) is complex white Gaussian noise. Pulse compression is
performed for each PRI of the echo, and the n-th pulse after pulse compression can be
represented as

S () = sax (tw) ® h(7), 3)

where /(2) is the pulse response of the pulse compression filter, and ® is convolution. To
suppress spectrum leakage, Hamming Window wy, is added to the filter, therefore h(f)
can be expressed as

h(E) = wy (7) exp <j2n (_;M#) ) @

In order to suppress clutter, moving target detection (MTD) [27] is performed for the
signals in (3), and the spectral lines of moving targets are filtered using a Doppler filter
bank. Generally, fast Fourier transform (FFT) is used to realize the Doppler filter bank.
After MTD, the echo is transformed to the signal in range-Doppler domain. Compared
with the echo signal, the signals in range-Doppler domain are accumulates in the fre-
quency domain, which is convenient to extract the target information in low SNRs. Since
the complex signals received by different radars are non-coherent, the absolute values
of signals after MTD are measured for alignment. The measurements in range-Doppler
domain can be represented as

N
sA,m(t,,,f) = ZSA,C (ti,f)eij””i/N ,n=1,23,..,N (5)

i=1

In a pulse, £ = %S, %,%, ..Ty, where f;is the sample rate. An N x M matrix S with K CPIs,
which denotes the signal after MTD, is shown in Fig. 2, where M = f; T,. After MTD, the
signals from radar A in range-Doppler domain can be represented as Slj\’m in the k-th
CPI (Similarly, the signals from radar B in range-Doppler domain are S/};m ). The range
and radial velocity of the target to radar A is different from those to radar B. Therefore,

the signals Slf\’m and Slﬁ,m in range-Doppler domain should be aligned before fusion.

3 Proposed method
3.1 Spatial alignment model
The spatial relation in geometry between radars A and B is shown in Fig. 3. The position

vectors of the tar%et in A and B coordinate system for the kth CPI can be expressed as

T
Pt = [x/f\, ylf\, zﬂ and Qf = {xlé, y’é, zg} , respectively, where the superscript T denotes
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Fig. 2 Signal data after MTD

Fig. 3 The alignment model for networked radars

the transpose. It is worth stressing that, in this work, P and Q refer to the position vec-
tors in Cartesian coordinates, while the measurements from radars refer to the positions
in spherical coordinates. The geometrical convention for the Cartesian coordinate
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system is that X axis is aligned with the East, Y axis with the North, and Z points
upwards, which is called local Cartesian coordinate. For the spherical coordinates, we
have that the azimuth ¢ is positive counter-clockwise from the East (X axis) and the ele-
vation 6 is positive counter-clockwise from the X — Y plane. From the geometry of the
problem shown in Fig. 3, the following relation holds

P¥ =HQf +r, (6)

where H is 3 x 3 the rotation matrix of angles «, 8, y that aligns the radar B reference
frame to the radar A reference frame. The rotation matrix H is given by

cosaxcosfB  cosasinfBsiny —sinacosy  cosasinf cosy + sina siny
H= | sinacosf sinasinfsiny 4+ coswcosy sinasinfcosy —cosasiny
—sin B cosf siny cosf cos y

(7)

In (6), r is 3 x 1 the translation vector expressed as r = [rx, Tys rZ]T. The spherical-to-

Cartesian transformation can be expressed as

pk cos 0% cos gk ok cos 6 cos ¢
Pf = pk cos 0% singk |, Q= ok cos 6k sin gk |, (8)
pfi sin 9§ pé sin HIB‘

where plﬁ, 91;, <p1]§ are the range, elevation angle and azimuth angle of the target to radar
A, respectively, and plB?, Qé , (plé are the range, elevation angle and azimuth angle of the tar-
get to radar B, respectively. The ranges and radial velocities of the target to radars A and

B can be expressed as

Ph =P AR, p = pRARg, )
VK = gk Adx, v = qf Ads, (10)

where vlk\ and Vlé are the radial velocities of the target to radars A and B, ARj and ARp
are the range resolution cells, Ad, and Adp are velocity resolution cells, plj\ and q/k\ are
the indexes of the cell in range-Doppler domain for radar A, pg and qlg are the indexes of
the cell in range-Doppler domain for radar B. By making use of (6), (8) and (9), the align-
ment for the range dimension can be expressed as

cos Qé cos golé * cos Qlli cos <p/]§
1
pg = ARs H| cos Gé sin (plé ARAp]; cos Qlli sin <pl§ —-r|, (11)
sin BIB‘ sin Qﬁ

where the superscript + denotes the generalized inverse. The Doppler measured by
radars A and B has a different mapping in different CPIL. The radial velocities of the tar-

get to radars A and B in geometry are shown in Fig. 4.
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Radar A \

Radar B

Fig. 4 The target Doppler from radars A and B

The alignment for Doppler dimension can be expressed as
a5 = a5 — Ad) (12)

where Agk = vﬁ/ Adp — vlé /Adg. Based on the range and velocity relations between
radars A and B, the alignment equation between the index (Dlj\(i),le\ (i)) of the target

signal from radar A and (X/B( @), Yé (i)) from radar B in range-Doppler domain can be

modeled as

(@ vi@) =

+
cos BIB‘ cos <p§ cos 9{; cos (pﬁ
k (- 1 . VT .
DA(z) — Aqk, ARp H | cos OIB( sin (plg ARARA(l) Ccos 9}{ sin goﬁ —r
sin 9{3‘ sin Glg

(13)

Equation (13) is the fundamental alignment equation in range-Doppler domain, which
allows us to align signals coming from radar B to radar A. In the alignment model,

(o, B,y)inHand (rx, Ty, rz) in r are the unknown parameters to be estimated.

3.2 Range-Doppler domain spatial alignment

In this subsection, the signals in range-Doppler domain are aligned based on the spatial
alignment equation above. In the radar network, the energy consumption and commu-
nication requirements are increased when local radars transmit all the data to the fusion
center. Thus, when energy or communication resources are limited, we need to minimize
the data transmissions between the local radars and the fusion center [24]. The two-step
detection scheme is presented when a communication-rate restriction is imposed on
a distributed radar network [26]. One approach to restricting the communication-rate
is to initially censor. The initial threshold is set at each local radar, and only the data



Cong et al. EURASIP Journal on Advances in Signal Processing ~ (2022) 2022:12 Page 9 of 25

that pass the initial threshold test are shared. The initial threshold test is considered as
Stage 1 (first-stage detection) of the two-step detection scheme. After being censored,
the data are transmitted to Stage 2 (second-stage detection) of the two-step detection
scheme where they are integrated and compared to a final threshold corresponding to
the desired overall probability of false alarm.

With the inspiration of the two-step detection scheme, initial CFAR as Stage 1 is carried
out for the signal in range-Doppler domain to reduce the communication rate for align-
ment. The first-stage false alarm rate can be denoted as Pra, and 71 is the first-stage thresh-
old associated with Py,;. In this paper, we use cell averaging false alarm rate (CA-CFAR)
detector. Therefore, T1 = (Zf\il xi) (Pfal_NLc — 1), where x; is the signal in the i-th cell

and N is the number of reference cells. Only the cells that exceed the threshold 77 are sent
to the fusion center, and cells below the threshold 77 is uninformative and simply not trans-
mitted. In consideration of the situation that the strong signals raise the threshold of the
surrounding cells, the weak signals near the strong signals may be undetected. In order to
retain the weak signal, the cells around the signals that pass the threshold test are sent to
the fusion center together. In this way, the radars censor their observations so that each
radar only sends informative observations to the fusion center, and discards those unin-
formative data.

The informative cells in the kth CPI are censored and transmitted to the fusion center to
prepare for the following alignment, as shown in Fig. 5. We select a W x G data set around
the cell that passes the initial CFAR detection.

After the initial CFAR, the informative cells in range-Doppler domain are shown in Fig. 6.
In this way, the information of the target can be retained to the greatest extent. Moreover,
the communication-rate between local radars and the fusion center can be reduced.

The measurements Sllj\,m and Sl’};m after the initial CFAR from radars A and B in the kth
CPI can be denoted as

Dy (W)

Dt

5 (1)

Dy (W)

D (1)

R{(1) R(G) Ri(1)  R(G)

(a) (b)
Fig. 5 A schematic diagram of censoring data using initial CFAR detection a signals after MTD from radar
A'in the k-th CPI b signals after MTD from radar B in the k-th CPI: The blue cells represent all the data after
MTD. The yellow cells represent the data after the initial CFAR. For radar A, Rf\ﬂ ), Rf\(G) are the starting and
ending indexes of censored cells in range dimension, and D£(1 ), D/ﬁ(W) are the starting and ending indexes
in Doppler dimension. For radar B, R§(1), Ré(G)are the starting and ending indexes of censored cells in range
dimension, and Dé(]), Dg(W) are the starting and ending indexes in Doppler dimension
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Signals in range-Doppler domain Informative observations
m‘ " 10
. Initial &
CFAR .
3 ¢ detection 2
RadarA £« =g
-4 &
< ——) <
2 2
0 0.
300 206
Doppler 00 Range
Initial
CFAR =
detection g
600
Doppler : Range Doppler 100152 Range
Fig. 6 Data censor for the signals in range-Doppler domain

Sz];\,m = (FA)TSII(\,mEA’ (14)
where Fo= [fD’j\(I) fok ) ok ow) }, £k iy = {Ong(i) L0y pk ) },
E\ = [eR’;(l) Rk T Rk () }’ Rk (i) = [OR’g(i) L0y gty )

Szllg,m = (FB)TS]];,mEB’ (15)
where Fp = [fD'é(U fok@ - Tosaw) }’ £k = [OD{;(:') 1.0y pk }’
EB = [eRg(l) eR§(2) eR{;(G) ’eRlé(i) = ORlé(i) 1 ON—Rlé(i) |

The data transmitted from local radars to the fusion center consist of two W x G
matrices and a 8 x 1 vector containing the starting and ending indexes WX = (le\(l),
R’I‘\(G), Dg(l), Df;(W), R’ﬁ(l), R]];(G), D’é(l), Dg(W)) of the selected areas. The censored
signals in range-Doppler domain are used for alignment to reduce the transmission
from 2 x N x M to (2 x W x G + 8) compared with the traditional echo transmission
method, and W << N, G << M. In the fusion center, the signals from radars A and B
in range-Doppler domain are reconstructed based on Q, Sllg and the indexes WX, The
reconstructed signals from radars A and B in range-Doppler domain can be represented
as

O(N—DQ(W)) RK (1) O(N—DkA(m) x (R (@) -RE () 0(N—D§(W)) x(M-R§ (@)

‘I’If\,m = O(D’;(W)—DkA(l)) RK (1) Szlf(\,m O(DQ(W)—DQQ)) x (M—R’;(G)) )

O(DkA(l)—l) xR (1) O(Df\(l)—l)x(R’;\(G)—Rﬁ(l)) 0(D§(1)—1)X(M—R’;\(G))
(16)
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O(N—Dg(W)) xRE(1) O(N—D’]g(W)) x (RS @)—-RE) O(N—D’];(W)) x(M-RY(G))
k k
Q= O(D’g(W)—Dg(l))nga) 2pm O(D’é(W)—Dg(l))x(M—Rg(G)) .
0(D§(1)—1)xk’]§(1) O(DkB(l)—l)x(R’];(G)—R’l;(l)) O(Dg(l)—l)x(M—RkB(G))
(17)
respectively. Then, we can align the data coming from radar B to radar A. Based on
the alignment model in (13), the measurements from radar B after alignment can be

expressed as

Thm = (Ve) @5 Ug, (18)
where Vp = {ngu) Vb T Vxgow) } Yk = {Oxlé(i) 10y xg |
U = [uY]f(l) Uykg) - Uyke) }, Uyky = [Oyé(i) 1 ON—Yg(i) } It is worth mentioning

that Yé( (i) is not always an integer, it can be interpolated from the adjacent point (integer
time) locations: ll]g(i) = LYé‘(i)J and hlé(i) = {Yé‘(i)—‘, where | | and [ ] are the round

operators towards minus and plus infinity. After the interpolation in range-Doppler
domain, (18) can be rewritten as

Tfm = (0% (Vo) @, Up, + @+ (Vi) @}, U, ), (19)

where Ug, = [“l{;u) W) - W } Us, = {“h’ga) Yo - Yo |

[l—¢ 1—=¢ -~ 1—=¢1 -+ 1—¢1 7
1—¢o 1—¢pp -+ 1—¢p2 -+ 1—¢

0= 1;¢i 1;¢i 1;¢i 1;¢i ) (20)
1w 1= - 1w - 1—dwly.q
f¢1 ¢ - ¢ -+ 1]
$2 P2 o P2 - 2

i P (21)
Low ow - dw - w ]y g

and ¢; = Yé‘ @) — LYé‘ (i)J. In (19), * is Hadamard product, and its elements are defined

as the product of the corresponding elements of two matrices.

When radars A and B detect the same targets, the ranges of the target to radars A
and B are different, and the radar cross sections (RCS) at different angles are also dif-
ferent. Therefore, the amplitudes of the signals in range-Doppler domain from radars
A and B are different, and the ratio of amplitudes is denoted as 5. Therefore, the true

values Sllf\’t and I‘lé,t can be expressed as

k k
Q¢ =nlg (22)
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We get the following equations for the measurement models

k k k
Qym =2y, +6ep (23)

i k k
Iy =Tg, + €5 (24)

where the random measurement noises &4, €g are zero-mean Gaussian noises with
covariance matrices X 5, X, respectively. By making use of (23) and (24), (22) can be
rewritten as

@k . =nlk,, +¢ (25)

where & is a zero-mean Gaussian random noise with covariance matrix X = X 4+ n>Xp.
Cross-correlation is the optimal approach to aligning the signals, in a minimum mean
square error (MMSE) sense, when the signal noise is Gaussian. The parameter vector to
be estimated is given by

O = (0,8, 7,01y 1) (26)

To align signals coming from radar B to radar A, the alignment in range-Doppler domain
can be formulated as the following optimization problem

K
J1©) =Y corr( 1 T, (27)
k=1
T
where corr(X,Y) = (vec(X)) (vec(¥)) , the vectorization operator vec(-)

V/ ((vec(X)) (vee(X))) ((vec(¥))” (vec(Y)))
stacks the columns vectors of the argument matrix into a long column vector in chrono-
logical order. The estimate ® can be obtained by maximizing the objective function
J1(©).
Symmetrically, to align the range-Doppler signal coming from radar A to radar B, the
alignment can be formulated as the similar optimization problem

K
J2(0) = Z corr(I‘]f\,m, Sll];m), (28)
k=1
where
If =0« (VAT®L Us + 0« (Vo) OL Uy, (29)
and Va = {"xf\m Yxko T Vxkow) } Usy, = | ") Mo - "o )
Uy, = {uh’;(l) Wik 2 - Wk (G) | The definitions of Vack iy Wik iy Wik Gy o’ and ' are

similar to those of VX§ Gy ul’,; @y “hﬁ o and ®, and they will not be repeated here.

Therefore, the optimization problem for alignment can be rewritten as
J(©) =J1(©) + 2(0). (30)

The estimate © can be obtained by maximizing the objective function J(©).
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Fig. 7 The flow diagram for genetic algorithm

3.3 Genetic algorithm

To solve the estimate ® in (30), a genetic algorithm (GA) is used to maximize J(®) in
this subsection. GAs [28] are one of the most widely used artificial intelligent techniques
for optimization. A GA is a stochastic searching algorithm based on the mechanisms
of natural selection and genetics. GAs have been proven to be very efficient and stable
in searching for global optimum solutions. Usually, a GA is mainly composed of three
operations: initial population, evolution environment, genetic operation (see Fig. 7). A

brief summary for a GA can be summarized as follows.
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(1) Initial population:

The GA starts the iteration with the initial population as the initial values. The initial
population size 7, represents the number of individuals in the population. The initial set
of population @' is usually generated by coding as follow

91 = {61;927"' ,(")np}

0,=[0,,0,, ,0;, ,0;,,]
i=1,2-,n, : (31)
j=1

where 1, denotes the number of the estimated parameters, @;“i“ and @}“"‘X are the mini-
mum and maximum values of the parameter ®;;. The initial population is usually gen-
erated randomly, but if the actual distribution of the population is known, the initial
population can also be generated according to this distribution.

(2) Fitness Function:

The fitness function of the parameter vector © is expressed as

fitness = ] (©;) (32)

The form of the fitness function depends on the objective function in (30) of the
algorithm.

(3) Genetic Operation:

The most important operations of a GA for solving objective functions are main-
taining, reproduction, crossover, and mutation. A brief description of these opera-
tions is shown below [29].

(a) Maintaining: The individual with the highest fitness in this generation is copied
to the next generation. It ensures that the best genes will not be destroyed in the next
generation.

(b) Reproduction: Based on their fitness values, some individuals are selected to
reproduce the next generation with the corresponding probability. The probability of
the ith individual (corresponding to the ith chromosome ;) with fitness value repro-
duced for crossover in the next generation is

J(©))

I ANC)) (33)

(c) Crossover: The crossover operation is mainly for exchanging information from the
two parents, chromosomes ©; and ®;41. It is an effective method to create new combi-
nations of genes.

(d) Mutation: Mutation is to create new individuals by changing the genes of the
chromosomes with a small probability. The mutation operation ensures that the algo-
rithm can search each value in the solution space to reach the global optimum.

The flowchart of the GA is summarized in Fig. 7. The GA is used to calculate the
maximum value of the objective function in (30), and the optimal alignment param-
eter ® can be obtained. The pseudocode of the GA-based spatial alignment algorithm
for networked radars in range-Doppler domain is shown in Algorithm 1.



Cong et al. EURASIP Journal on Advances in Signal Processing ~ (2022) 2022:12 Page 15 of 25

Algorithm 1 Range-Doppler domain spatial alignment algorithm for networked radars

Require:
Signals from radars A and B in range-Doppler domain : S’X,m, S’é,m
Ensure:
© as in (26)
1: fork=1:1: K do
2: Signals Si’m and ng from local radars in range-Doppler domain are obtained after prepro-

cessing and signal processing.

3: The initial CFAR is used to select the informative data sets Q’X m and Q’ﬁ m in range-Doppler
domain, as in (14) and (15). , 1

4: The censored data sets Q’va and Ql}%,m and the indexes of initial CFAR ¥* are transmitted
from the local radars A and B to the fusion center.

5: Based on QZ m Qk and Wk, &k and ®k are reconstructed in the fusion center, as in

s B,m A,m B,m
(16) and (17).
6: The alignment model is established in (13) to estimate the alignment parameter ©.
7 When radar A serves as the reference radar, I"é,m from the registered radar B is obtained as in

19). Similarly, when radar B serves as the reference radar, 'k can be obtained as in (29).
Y A,m
8: end for

K
9: The correlation function J (©) = 5 (corr (94 T ) +corr (TK ., 2% ,, ) ) is established

as the objective function.

10: A GA is used to solve the maximization problem J (@) to obtain the optimal alignment parameter
0.

11: return Parameter vector ©®

It is worth mentioning that pairwise alignment is used when there are more than
two radars in the multi-static radar systems. Without loss of generality, three radars
are taken as an example. When the number of radars increases, the alignment method
is similar to that in the situation of three radars. The radar A, B and C detect the tar-
gets independently. The alignment parameter vector between radars A and B, B and C,
A and C can be expressed as @ap, Opc, Oac, respectively. The optimization problem
J(®ap, Opc, ®c) can be solved by using the proposed algorithm.

4 Results and discussion

In this section, we present numerical examples to demonstrate the performance of the

proposed algorithm. The coordinates of radars A and B are [1000; 300; 1000] m and [100;

10; 800] m, respectively, in local Cartesian coordinates (X-East, Y-North, Z-Up). Radars

A and B detect targets using LFM signals, and the radar parameters are given in Table 1.
Radars A and B observe the target in their spatial coordinates with K CPIs. In our

simulations, K = 50. The spatial alignment algorithm is simulated in single target and

Table 1 The radar parameters

Parameters Radar A Radar B
Carrier frequency f/GHz 10 9

Pulse width T,/us 06 06
Pulse repetition period T,/us 19 19

PRI number in one CPIN 256 256
Sampling rate f/MHz 50 50
Bandwidth B/MHz 5

Noise factor F,/dB 5
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multi-target scenarios, respectively. The value ranges for the initial populations of the
parameters in @ are o € [0,27)rad, B € [0,2n7)rad, y € [0,27)rad, r, € [—1000, 1000]m,
ry € [~1000,1000]m, r, € [—1000, 1000]m.

4.1 Single target scenario

The single target located at coordinates moves with a nearly constant accel-
eration (NCA) vector (%, y,z) A target state vector for NCA models [30, 31] is
st = [al &t Xyttt 2t 2t ]T, where xf,y%, 2" are the position values of the target
in X, Y, Z axes, &, %, z* are the velocity values, X', ', z" are the acceleration values. The

target state equation is given by

sti1 = Fisp + v (34)
where
v, 0 O
Fr=| 0 ¥ 0 (35)
0 0 W,

with ¥y being the transition matrix of the NCA model in a single dimension, and 0 being

the zero matrix of dimension 3 x 3 for NCA target model. We have

1 Ty TE/2
¥,=1|101 T |. (36)
00 1

Index k corresponds to the time instant # and the sample interval is defined by
Tk = txy1 — k- Process noise vy is white Gaussian with non-singular covariance matrix

Ar 0 0
Q=10 A; 0|, (37)
0 0 Ag

where

5 74 73
TP T T,

ok &k
T3 T}

= e Lo L

Ak q 73 ?2 <1 (38)

T3 T,

F kT

and ¢ is the level of power spectral density of the corresponding continuous process

noise.

The initial target state vector is

s§ = [2500m 500m/s 10m/s?> 90m 500m/s 60m/s*> 1050m 500m/s 60m/s2]T.
(39)

The level of power spectral density of the corresponding continuous process noise is
q =2

A GA is used to estimate the spatial alignment parameter © in (30). Figure 8 shows
the fitness function values for a single target. The generation for the X-axis in Fig. 8
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Fig. 8 The fitness function with generations for a single target

represents the index of new populations evolved from the initial population. The x gen-
eration population is obtained from the x — 1 generation population after maintaining,
crossover, and mutation. The stopping criterion of the GA is usually the number of gen-
erations. When the number of generations reaches 60, the iteration is stopped. As we
can see, with the increase of generations, the value of fitness function increases, and the
fitness function tends to be stable when it reaches the maximum value. Figure 9a—f show
the estimated values and true values of o, 8, v, r, 1y, r, in ©, respectively. As generations
grow, the estimated values gradually converge to the true values.

Radars A and B measure the target trajectory in their respective space coordinate sys-
tems. Therefore, there is considerable difference between the target trajectories from
radars A and B before spatial alignment, as shown in Fig. 10a. Data fusion cannot be
completed if the space is not aligned. In the absence of positions, attitudes of radars A
and B, the spatial alignment vector ® can be estimated by using the proposed algorithm.
The target trajectory from radar B after spatial alignment is shown in Fig. 10b compared
with the trajectory from radar A. From Fig. 10b, the registered target trajectory from
radar B approaches to the trajectory from radar A. The trajectories after alignment are
in the same spatial coordinate system, which is an important prerequisite for successful
fusion of networked radars.

4.2 Multiple-target scenario

For a multi-target scenario, it is assumed that data association problem has been solved
by K-nearest neighbor algorithm [32]. Z maneuverable targets (Z = 3 in the simulations)
independently fly along respective paths. The motion models of multiple targets are the
same as that of the single target, i.e., NCA models. The initial values of state vectors for
the three targets are given by

so = [2500m 500m/s 10m/s> 90m 500m/s 60m/s> 1050m 500m/s 60m/s2]T,
(40)
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s = [4000m 650m/s 10m/s2 100m 400m/s 120m/s> 800m 800m/s 100m/s?]",

(41)
sg = [1000m 350m/s 10m/s% 200m 400m/s 70m/s2 1000m 600m/s 70m/s? ] .
(42)

Figure 11 shows fitness function values for multiple targets. As we can see, with the
increase of generations, the value of fitness function increases, and the fitness function
tends to be stable when it reaches the maximum value. Figure 12a—f show the estimated
values and true values for o, B, ¥, 1y, 1y, 7, in ©, respectively. As generations grow, the
estimated values gradually converge to the true values.

In Fig. 13a, radars A and B observe multi-target trajectories in their respective coordi-
nate systems. The unregistered multi-target trajectories of radar B are deviated from the
trajectories of radar A. Unregistered multi-target trajectories cannot be used for subse-
quent information fusion. In the proposed algorithm, spatial alignment vector © is esti-
mated in range-Doppler domain without the prior information (positions and attitudes)
of radars. The multi-target trajectories from radar B after spatial alignment are shown
in Fig. 13b compared with those from radar A. In Fig. 13b, the registered multi-target
trajectories of radar B appear almost indistinguishable from those of radar A, indicating
that the trajectories after alignment are in the same spatial coordinate system, and can
be effectively used for information fusion.

4.3 Performance evaluation

In this subsection, the performance of the proposed algorithm is showed and compared
with other methods. The data after alignment are fused by SNR weighting based method.
The number of Monte Carlo trials is 500. Figure 14 shows the detection probabilities of
the proposed algorithm and the monostatic radar (radar A) with different false alarm
rate (Py). The SNR for Fig. 14 and Fig. 15 is the SNR of the signal before CFAR detection,
i.e., the SNR in range-Doppler domain, which is defined as the signal-to-noise power

100 T T T T T

90

80

50

40

Fitness function

30

20

0 L L L L L
0 10 20 30 40 50 60

Generations
Fig. 11 The fitness function with generations for multiple targets
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Table 2 The SNRs required for the same detection probability (90%)

False alarm rate 10~ 106 1078
Monostatic radar 124 dB 14.2dB 15.8dB
Proposed alignment algorithm (two 11.1dB 13dB 14.7 dB
radar)

Proposed alignment algorithm (three 10.5dB 12.6 dB 14.2 dB

radar)

—B— Monostatic radar (P,:w")
—o— Monostatic radar (P,:m’e)

—A— Monostatic radar (P=10"")

—&— Monostatic radar (P=10"")
1 —&— Monostatic radar (P,=10’6)

—A— Monostatic radar (P,:w'e)

Detection probability
Detection probability

—&— Proposed method (P,:w") —a— Proposed method (P,:w"‘)

—o— Proposed method (P=10"°) —o— Proposed method (P=10"°)

—A— Proposed method (P,:m’“)

—&— Proposed method (P=10"")

15 20 10 15 20

) SNR (dB)
(b)
Fig. 14 The detection probability after alignment in different false alarm rate (P¢) a proposed method by

two radars compared with the monostatic radar b proposed method by three radars compared with the
monostatic radar
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Fig. 15 The detection probability of the proposed algorithm compared with the monostatic radar, pulse
correlation method, atomic norm optimization, ML-GLRT and MAP-GLRT a alignment by two radars b
alignment by three radars

ratio for the signal in range-Doppler domain before CFAR detection. For example, it is
assumed that the SNR of the echo signal is Sp, the bandwidth of the LFM signal is B, the
pulse width is T}, the point number of FFT in MTD is Nr. The SNR in range-Doppler
domain can be expressed as

SNR = BT,NESo. (43)
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For the same detection probability (90%), the SNRs required by the proposed fusion
algorithm are shown in Table 2 compared with those by the monostatic radar. The
improvements of SNR after alignment using the proposed algorithm for two and three
radars are 1.1 dB and 1.6 dB, respectively. But apparently, with the increase of the num-
ber of radars, the number of parameters to be estimated also increases in direct propor-
tion. Therefore, the calculation of the alignment algorithm increases.

Figure 15a, b shows the detection probability by two radars and three radars after
alignment respectively, and the detection probability of the proposed algorithm is com-
pared with the monostatic radar, pulse correlation method [18], atomic norm optimiza-
tion method [23], ML-GLRT and MAP-GLRT [20]. The false alarm rate is 107°. From
Fig. 15, the detection probability increases with the increase of SNR. It shows that the
detection probability for networked radars is improved compared with that from the
monostatic radar at the same SNR. When the number of radars in the cooperative detec-
tion system increases, the detection probability increases after alignment and fusion,
shown in comparison between Fig. 15a, b. Moreover, the detection probability of the
proposed algorithm is improved compared with pulse correlation method [18], atomic
norm optimization method [23], ML-GLRT and MAP-GLRT [20] at the same SNR.

In order to verify the tracking accuracy after alignment and fusion using the proposed
algorithm, Fig. 16a—c show the root-mean-square error (RMSE) of the target state esti-

mation achieved by the proposed algorithm in X, Y, Z axes, respectively, compared with

—&— Pulse correlation method —— Pulse correlation method
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) ML-GLRT 1
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Fig. 16 RMSE of the proposed alignment algorithm compared with the other methods a in X axis b in Y axis
cin Zaxis
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the pulse correlation method [18], atomic norm optimization method [23], ML-GLRT
and MAP-GLRT [20]. For a scalar & , the RMSE from N Monte Carlo runs with esti-

mated error & in run i is defined as [31]

RMSE() = /% ZZI £, (44)

where & = & — éi. The value éi is the estimated value of &. In this subsection, £ is the
target position in X, Y, Z axes. It can be seen that the performance of tracking using the

proposed algorithm is better.

5 Conclusions

In this paper, a low-communication-rate spatial alignment in range-Doppler domain was
proposed for networked radars without the prior information (positions and attitudes) of
radars. The signal in range-Doppler domain was censored to select the informative data
for alignment by initial CFAR detection, which greatly reduced the communication-rate
between local radars and the fusion center. Based on the alignment model in geometry,
the alignment optimization problem was established in range-Doppler domain. Spatial
registration parameters were estimated by a GA. The signals after alignment were in the
same spatial coordinate system, and can be effectively used for information fusion. The
detection probability and the tracking accuracy of the proposed algorithm at the same
SNR were improved after alignment and fusion compared with state-of-art methods.
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