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ABSTRACT: Radon-Fourier transform (RFT) is able to effectively overcome the coupling between the range cell migration (RCM) effect
and Doppler modulation by searching along range and velocity dimensions jointly for the moving target, which depends on envelope
alignment and Doppler phase compensation. However, without effective clutter suppression, clutter would also be intergraded via RFT.
Thus, adaptive RFT (ARFT) has been proposed to clutter suppression by introducing an optimal filter weight, which is determined
from the clutter’s covariance matrix as well as the steering vector. Nevertheless, the ARFT needs to address the difficulty for real
implementation, i.e., computational complexity is too high to a large number of pulse samples. It is known that to obtain the inversion

. L1 . s . . .
the sample covariance matrix (R, ) is order M?, i.e., O(M?), which is the most complexity consumed step in ARFT. In this paper, we

propose a modified adaptive RFT (MARFT) method to obtain I/i;nl with recursive calculation, which takes the complexity order M?, i.e.,
O(M?). Simulations show that the proposed method has the same clutter suppression ability as the conventional ARFT method, while

the computational complexity is much lower.

NOMENCLATURE
c Speed of light
fe Center frequency of radar
fa Doppler frequency
A Wavelength
B Signal bandwidth
m Slow time index, m =0,1,...,. M — 1
M Pulse number for integration
T: Pulse repetition interval
ferr Pulse repletion frequency, where ferr = 1/71r
tim Slow time of radar, where t,,, = mT,
T Fast time of radar
n Range cell index
S (T) Point target echo signal
Zon (T) Received signal in radar system
y/ Received data matrix (digitally sampled Z,, (7))
PSF(7) Point target spread function
Ar Target echoes amplitude after pulse compression
® Convolution operator
a(+) The delta function
(HH The conjugate transpose
R M x M -dimensional covariance
matrix of clutter plus noise
ﬁcn M x M-dimensional sample covariance
matrix of clutter plus noise
At Digital sample interval
Ar Length of range cell
Av Length of velocity cell
round(-) Rounding to integer operator
Grer(++) Radon-Fourier transform
Garrr (-, *) Adaptive Radon-Fourier transform
Ny Number of cells in velocity searching list
N, Number of cells in range searc \st
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V4 Received data matrix

Zp Received data matrix int the primary dataset

Zr Received data matrix int the reference dataset

Cr The range cell set of Primary data

Cr The range cell set of reference data

Cri The range cell set of the first part Cr

Cr2 The range cell set of the second part Cr

Ca The range cell set of that may be affected
NpARFT Pointer to the range cell under ARFT

Tps, Pointer to the start of Cp

Mpeg Pointer to the end of Cp

Nps, Pointer to the start of Cg;

Mpe, Pointer to the end of Cr;

Tps, Pointer to the start of Cra

Mpe, Pointer to the end of Cra

Tpsg Pointer to the start of Cs

Mpeg Pointer to the end of Ca

Ncy Number of range cell in Cr

1. INTRODUCTION

ulse integration for moving targets can improve target de-

tection performance under the condition of noise and clut-
ter. Moving target detection (MTD) method has been widely
utilized in the coherent radar system. Both pulse integration
and MTD can be efficiently implemented by fast Fourier trans-
form (FFT) in the slow time domain [1]. However, the motion
of the target may involve range cell migration (RCM) effect,
which results in performance loss for the coherent integration.

Traditional coherent radar signal processing generally adopts
the cascaded processing method of pulse compression and
Radon-Fourier transform (RFT) [2-5], which can effectively
overcome the coupling between the RCM and Doppler modu-
lation by jointly searching along range and velocity dimension
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for moving target. Doppler filter banks are also used for the
successive integration. Also, generalized RFT is proposed to
resolve the higher order polynomial motion in the range dimen-
sion [6—10]. Furthermore, wideband scaled RFT is introduced
by Qian et al. [11] to resolve echo signal integration for fast
moving targets in wideband radar, with noticeable scale effect.

In [12], adaptive Radon-Fourier transform (ARFT) has been
proposed to clutter suppression by introducing an optimal filter
weight, which is determined from covariance matrix of clutter
and noise R, as well as steering vector. For the moving tar-
get, it takes the RCM effect in consideration. As to real imple-
mentation, ARFT should overcome two difficulties [12]. One
is the lack of independently and identically distributed (i.i.d.)
training samples in a heterogeneous clutter background. The
other is that the computational complexity is too high due to
the large number of pulse samples. In conventional ARFT, the
sample covariance mgt{ilx R., is built by reference data set for
each range cell, then R, to obtain the optimal filter coefficient
by matrix inversion. It takes the computational complexity or-
der M3, i.e., O(M?3), in which M is the order of the matrix.
What make things worse is that the sample covariance matrix
should be updated according to the rar/l\gflcell. In this paper, we
propose a novel method to calculate R, with recursive com-
putation, which takes the complexity order M2, i.e., O(M?).

The rest of this paper is organized as follows. In Section 2,
the signal model is presented. In Section 3, the modified ARFT
method is proposed. The simulation result validates the pro-
posed method in Section 4. Finally, we give some conclusion
in Section 6.

2. SIGNAL MODEL OF ARFT

Suppose that there is a target at range o, with velocity of vy,
thus

r(t) =r(tm +7) = r(tm) =10 — Votm (1)
7 1s the fast time for radar. And, it starts at ¢,,,, thus 7 = t — ¢,,,,
which is the slow time for radar. The approximate processing
in (1) means that for radar, only the Doppler effect generated
by the target’s motion needs to be considered in a slow time.
The positive direction of velocity is defined as moving toward
to the radar. And, m is the slow time index of radar. Taking
fixed pulse repetition frequency (PRF) radar for example, ¢,,
can be defined as t,,, = mT,. (m =0,1,..., M — 1), where T,
denotes the pulse repletion interval. After pulse compression
(PC), the echo signal can be expressed as

Sm(T) = PSF (7’ — 27"(Ctm)> exp (_JZWW> (2)

c

where f. is the center frequency of radar signal. c is the light
speed. PSF(7) denotes the point target spreading function,
whose duration is the range resolution, namely ﬁ where By is
the bandwidth of transmitting signal. Taking linear frequency
modulated (LFM) signal for example, PSF(7) is

=)

PSF(7) = sinc (WBS (T - 3)
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Considering the thermal noise of the receiver, the target echo
signal can be expressed as

Zm(T) = ApSpn(7) + N (7) @)

where A7 means the target echo amplitude after pulse com-
pression. S,,,(7) denotes the point target echo signal, while
Zm () denotes the received data in radar. n,,(7) is the ther-
mal noise. Depending on envelope alignment and additional
Doppler phase compensation, RFT method is able to match
with the moving target, which can be denoted as follows:

Grrr(r,v) = Grer (7, v)

M—1
- Z (Zm(T) ®0 (T+ 21};7”)) exp <J 2v)7:‘m> (5)
m=0

A is the wavelength. 7 maintains linear relationship with the
target range, that is » = <. GRrer(r,v) represents the RFT
integration in range and velocity dimension. d(-) represents the
delta function. ‘®’ is the convolution operator. The function
of this operator in (5) is to compensate the envelope alignment.
exp(j %) denotes the additional doppler phase compensation.

As for digitally sampled echo signal, the envelope alignment
operation is realised by data shifting, accordingly:

Zm(T)®6 (T + 21}2m> = Z(m,n + ngin(m))  (6)

2ut,,
Ar

Z means the received data matrix, which is digitally sampled
Zm (7). The row index of Z represents the slow time index,
m=0,1,2,..., M — 1. The column index of Z is the fast time
sample number. Ar is the length of range cell, and we have
Ar = % where At is the digital sample interval in radar.
round(-) is the function to find the nearest integer. Thus, as
to algorithm actually implemented, (6) can be realized by data
shifting or pointer offset.

Apart from noise, there may be clutter in radar echoes, which
may seriously affect target detection ability without clutter sup-
pression method. In RFT, in order to get long time coherent in-
tegration, both the ‘main lobe’ and ‘side lobe’ of strong clutter
would affect target detection [12]. Radar ground clutter is as-
sumed to be concentrated at low Doppler frequency normally,
as the echoes of those ‘targets’ are motionless.

In conventional ARFT, the received data are divided into two
sets, i.e., the primary dataset and the secondary dataset (ref-
erence dataset). The first dataset is assumed to contain tar-
get echoes, while the latter dataset is supposed to contain clut-
ter and noise only. Fig. 1 illustrates the datasets in AFT. The
optimal filter weight is derived form the clutter’s covariance
matrix, which is substituted by its maximum-likelihood esti-
mate (MLE), i.e., the sample covariance matrix (SCM) [13, 14],
which is calculated echo in reference dataset.

where

ngni(m) = round ( (7

M-1
Garrr(r,v) = Z (ﬁ;nl(m, :) - Zp (1, nparFT + nshiﬁ(m)))

m=0
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FIGURE 1. Illustration for ARFT.
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where nparpr denotes the pointer (index) to the range cell that
is under ARFT integration. Zp is the received data matrix in
the primary dataset,

®)

Zp :Z(O M*].,Cp) (9)
Cp denotes the primary range cell set.
Cp = {n|nps, <n < npe, } (10)

Nps, and ny denote thelpomters to the start of Cp and the end
of Cp, respectively. R, 1is the inverse of SCM which can be
obtained as follows

Ry, = ZRZR

R

11
= (an
where Zg is the received data matrix in the reference dataset.
Zg =Z(0: M —1,CR) (12)
Ck is the reference range cell set, which contains two parts,

before Cp and after Cp, respectively, and it is clearly illustrated
by Fig. 1.

Cr = CRIUCRZ (13)
Cri = {n|nps, <n < npe },
Cro = {nlngs, <n < npe, ) (14)

Tps, » Tpe, » Tps, and 1y, denote the pointers to the start of Cry,
the end of Cy, the start of Ck,, and the end of Ck,, respectively.
N¢, is the number of range cells in Cg,

= ‘CR| = (|nPS1 - npel| + 1) + (|nP52 - nPe2| + 1) (15)
From Fig. 1, we have
Nps, = Npe, T 1, Nps, = Npey +1 (16)

Conventionally, the degree of freedom (DOF) of clutter is
lower than the dimension of matrix ch, thus ch would be
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ill-conditioned. Consequently, diagonal loading technic [15]
is usually utilized to avoid numerical errors.

1
= —ZRZR +vo°1 (17)
N¢,

where o is the background noise level. As for a radar receiver
which has been carefully calibrated, o is known. 7 is the load-
ing level.

According to the well-known Reed-Malleett-Brennman
(RMB) rule proposed in [16], in order to ensure that the
signal-to-clutter-pulse-noise ratio (SCNR) improvement factor
(IF) loss is less than 3 dB, the number of samples in reference
dataset should be at least twice larger than the number of
integrated pulses, i.e.,

Ng, > 2M (18)

For conventional ARFT, range cell sets Cp and Cy are de-
termined by the point of (r,v) in (8). Also, SCM should be
recalculated. What makes things worse is that matrix inverse
operation should be recalculated repeatedly.

3. SAMPLE COVARIANCE MATRIX INVERSION RE-
CURSIVE ESTIMATION METHOD

SCM should be recalculated as to new point of (r,v) in (8);
however, as to the points near each other, the major part of el-
ement in dataset Cr keeps the same as its former one. Thus, as
to the conventional ARFT, much computational complexity in
(11) and matrix inversion seems to be wasteful.

In this paper, we propose modified adaptive RFT (MARFT),
in which, the dataset configuration is little different from the
conventional ARFT. First of all, velocity searching range is pre-
requisite of the algorithm, i.e., Vpyin and vm,x. Thus, as to certain
range cell (nparer pointing at) under ARFT, the range cell set
C that will be affected by the target is determined, which is
illustrated by Fig. 2.

C’A = {n|np53 <n< npeS}

(19)

where ny,s, and ., are the pointers to the start and end of Ca,
respectively. Thus, as to new velocity for AFT searching, Cx
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FIGURE 2. Configuration of MARFT.
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keeps the same. However, when nparer is moving to the next
range cell,

NpARFT = TpARFT + 1; (20)

C should be updated accordingly.

new

Nps, = Nps; T 1, 1 21

Being different from the conventional ARFT, we set up pro-
tected range cell to avoid SCM estimation error, which is a
general request in radar target detection, and it can be found
in Fig. 2. nyps,, Npe, > Nps,» and nye, are also unitized to denote
the pointers to the start of Cg;, the end of Cyy, the start of Cgs,
and the end of Cky, and they should be updated accordingly.

new

pes = npe?, +1

Mpsy = Mpsg T 1, Tpe) = e, + 1,
ng‘s’r’ =nps, +1, and ngg‘:’ =npe, +1  (22)
It is illustrated by Fig. 3.
R = (G = s, 1) U e}
G = (Cra = {mps, }) [ {mp (23)
And,
R =aryoe 24)

Based on (24), it is obvious that N¢, in (15) keeps the same.
We use uy, us, v, and v to denote the data vector that needs to
be removed from Cf;, the data vector that needs to be removed
from Ck», the data vector that needs to be added into Cgr;, and
the data vector that needs to be added into Ck,, respectively. It
is illustrated clearly by Fig. 3.

ul = Z(:7npsl)7 u2 = Z(:7nps2)7
vi=Z(:,ny"), andvy =Z(:,ny") (25)

Consequently, SCM in both (11) and (17) can be updated by

Vlvll1I + ngg
Ne,

R R

ululf + uguIQ1I
cn -
Ng,

(26)

data vector needs to be removed data vector needs to be added
from range cell set Cg into range cell set Cg

! y —
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o S =[O
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@ 215 £
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i
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Range cell under ARFT is updated

FIGURE 3. Update of reference range cell set.
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In (26), some part of new datasets are added into SCM; however
some datasets are removed from it. In other words, the major
part of SCM keeps the same. Thus, the latest inverse of SCM
may be useful.

It is well known of the matrix inverse formula

- A lssHA !
(A+SSH) ! = A_l T T a1
1+sHA s
_ A lssHA ™!
A — ssH 1=A71+7 27
( ) 1—sHA 1 @7)

The details of (27) can be found in Appendix A. Thus, the re-
cursive operator is defined as

_ —1, Ha—1
A t- A1+zf“ZAélz a=1
F(A,z,a) = (28)
—1, Ha—1
Ail + A1—zf"zAélz a=-—1

in which, A is the major matrix, and z is the vector that will be
added into or remove from A ™.

Based on the Cr updating Eq. (24), the inverse of SCM
should be updated by 4 steps, which is illustrated by Fig. 4.
Fig. 5 shows the detailed process of the entire algorithm.

RY=FR,v.l) R}=FR,)v.,.) R} =F(R,,u,-1) R, =F(R]

cn

u2>_1)

addv, addv, remove u, remove u,
(SCM)!' (SCM)' (SCM)!' (SCM)!' (SCM)!

FIGURE 4. Tllustration of updating method of the inverse of SCM.

Input: Received data matrix Z;

The range search list:

r=1[r(1), r(2), ..., r(n), ... r(N)];

The velocity search list:

v=D(D), v(2), ..., V(N
Output: Adaptive RFT integration reslut: G ,.(r, v)
1 Initialize 77,15
2 Initialize C,, C, based on the maximum and minimum

value in the velocity search list;

3 Initialize the pointers: 1., 1, 1,5, 1,5,
4 Get the first SCM based on C, by 18)
5 Get the inversion of SCM
6forn,=1,2,..,N, do
7 Get GARFT(npARFT’ v(n,)) by (9)
8 end
9 while True do
10 A pRer = Pppger T 1
11 Update C,, Cy;
12 Find the vector in (26);
13 Update g ;
14 Update the pointers: : n,
15 forn,=1,2,..,N, do
16 Get G rpr(Mprer V(1,)) by (9)
17 end

npgand Moy

os15 Tpets Tpsas Mpens nps3and Mpes by (22) and (23)

FIGURE 5. ARFT integration with recursive SCM.
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FIGURE 6. Echo data after pulse compression.

4. ANALYSIS OF COMPUTATIONAL COMPLEXITY

In this section, we give the comparison of the computational
complexity between the convectional ARFT and MARFT. For
the sake of simplicity, we use I, and I, to represent the com-
plex addition and complex multiplication, respectively. The
computational complexity of RFT is

Irpr = N Ny(M Lye + (M — 1)1,.) (29)
The computational complexity of SCM estimation is
Iscmy = Noy M Ie + Nop (M — 1)1, (30)

The computational complexity of SCM inversion is approxi-
mated by

ISCMI = ]\ng‘mc/3 (31)

The computational complexity of ARFT integration in (8) for
one range cell is

Ieen =2M I + (M — 1)1, 32)

Thus, the total computational complexity of the conventional
ARFT

Inrrre = NpNy(Isemg + Isem, + Leen)

N,N, ((NCRM2 + M3/3 4+ 2M) e

+(New + DM = 1)L ) (33)

The computational complexity of the SCM recursive operator
(28) is

Isomg = (2M? + 2M) Lo + (M? + 2M — 1)1,
Thus, the total computational complexity of the MARFT

(34

Iarrry = Isom; + Isomy + Nodeen

+(N, — )N, (4Iscmy + Leen) (35)
Thus,
Ingkry, = (NogM? + M?/3) 1. + Nop (M — 1)1,

+Ny (2M I e + (M — 1)I,.)
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FIGURE 7. Range sclice of Echo data.

+(Ny — )N, ((8M? + 10M) I

+(4M? +9M — 2)I,..) (36)

The comparison between (33) and (35) shows that SCM recur-
sive method can reduce the computational complexity signifi-
cantly.

5. NUMERICAL EXPERIMENTS

This section is devoted to evaluating the performance of the
proposed method via computer simulations, where the param-
eters of radar are shown in Table 1, in which SNR and SCR are
measured by the echo signal after pulse compression. The code
development environment is Octave on a 64 bit Windows 7 op-
erating system, and the computer’s CPU is Intel (R) Core (TM)
i7-7700@3.6 GHz, installed with 32 GB of system memory.
Figure 6 illustrates the echo data after pulse compression, and
Fig. 7 is the range slice of Fig. 6 with 70 km. The echo of target

TABLE 1. Parameters setup in simulation.

Parameter Value
Carrier frequency (f¢) 5GHz
Pulse repetition frequency (PRF) 500 Hz
Velocity ambiguity 15m/s
Range resolution 15m
Pulse number for integration (M) 128
Target number 2
Target A initial range 70 km
Target A velocity 80m/s
Target B initial range 69.5km
Target B velocity 78 m/s
Signal to noise ratio (SNR) 20dB
Signal to clutter ratio (SCR) —15dB and —30dB
loading level in Eq. (17) 0.01

Www.jpier.org
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FIGURE 8. ARFT and MARFT results at range 69.5km (SCR =
—15dB).
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FIGURE 12. Time consumed to obtain the inversion of SCM.
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FIGURE 9. ARFT and MARFT results at range 70 km (SCR = —15 dB).
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FIGURE 11. ARFT and MARFT results at range 70 km (SCR = —30 dB).

cannot be distinguished in original data, which is obscured in
clutter.

ARFT has been applied to suppress clutter, in which SCM
is calculated by MLE. Also, MARFT takes effect, in which in-
verse of SCM is calculated recursively. Fig. 8 and Fig. 9 il-
lustrate the ARFT results at range slice of 69.5 km and 70 km,
respectively, as SCR = —15dB. Also, Fig. 10 and Fig. 11 il-
lustrate the ARFT results at range slice of 69.5km and 70 km,
respectively, as SCR = —30 dB. Both conventional ARFT and
MARFT are displayed, as well as the difference of the two
methods. According to the simulation results, the difference of
numerical results between ARFT and MARFT can be ignored.

Figure 12 shows the time consumed to obtain inversion of
SCM, both recursive calculation and directly inversion. It is
obvious that recursive calculation takes much less time than di-
rectly inversion.
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6. CONCLUSION

In this paper, a recursive method to calculate the inversion of a
sample covariance matrix R¢, has been proposed. Theoretical
analysis shows that MAFT can reduce the computational com-
plexity significantly. According to the simulation results, the
difference between ARFT and MARFT can be ignored.

APPENDIX A. PROOF OF THE MATRIX INVERSE FOR-
MULA

Suppose that there are matrices Ay, xm, Bnxm, Cmxm, and
D,,, «n, the Sherman-Morrison formula is

(A+BCD)! = A"'-A"'B(DA'B+C1)7'DA! (A1)
Let,B=s,C =1, D = s', then we have

—1  Ha-1
-1 _1 ATssTA
A + st AT - — A2
( ) 1+ sHA 1 (A2)
Let, B=s,C = —1,D = s, then we have
_ A71 HA*l
(A—ss) oAl 25 (A3)

1—sHA g
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