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Abstract: The exact knowledge of the signal steering vector is not always known, which may
result in detection performance degradation when a signal mismatch occurs. In this paper, we
discuss the problem of designing a robust radar target detector in the background of Gaussian noise
whose covariance matrix is unknown. To improve robustness to mismatched signals, a random
perturbation that follows the complex normal distribution is added under the alternative hypothesis.
Since traditional detectors that divide complex parameters into real parts and imaginary parts are
sometimes difficult to obtain, a new robust, complex parameter gradient test is derived directly from
the complex data. Moreover, the CFAR property of the new detector is proven. The performance
assessment indicates that the gradient detector exhibits suitable robustness to the mismatched signals.
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1. Introduction

Adaptive detection algorithms have gained increasing interest among scholars in the
fields of radar, sonar, and communications in recent decades due to their flexible design
criteria. In a seminal paper, Kelly [1] used statistical hypothesis testing techniques to
address the signal detection problem and derived a generalized likelihood ratio test (GLRT)
to decide whether targets exist or not. Subsequently, Robey et al. [2] first utilized the GLRT
test statistic using only the data under test and then plugged the sample covariance matrix
(CM) into the test statistic to obtain the adaptive matched filter (AMF). De Maio [3] proved
that the Wald test and the AMF coincide when detecting signals with known steering
vectors and unknown amplitudes. When the target signal lies in a subspace of dimension
not less than 1, Kraut et al. [4] proposed adaptive subspace detectors using no prior
knowledge of noise CM. Later, the Rao test, which is more selective to sidelobe signals than
Kelly’s GLRT, was proposed in [5]. Adaptive target detection problems in other scenarios,
such as training-limited environments and nonhomogeneous clutter environments, have
been studied in [6-11].

Most of the adaptive detectors discussed above assume that the signal signature is
completely known. However, when beam pointing errors, array calibration errors, or
sidelobe signals exist, the nominal steering vector is no longer equal to the actual one [12].
Adaptive detectors can be categorized as mismatch selective detectors and mismatch robust
detectors based on their sensitivity to mismatched signals. Robust detectors can still provide
high detection probabilities in the case of signal mismatch, while selective detectors achieve
stronger rejection capabilities of mismatched signals. To enhance sensitivity, a fictitious
interference that is orthogonal to the presumed target signals in the quasi-whitened space
or the truly whitened observation space was added under the null hypothesis to design an
adaptive beamformer orthogonal rejection test [13] and its modified algorithm [14]. Some
other selective detectors were designed in [15,16].
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Radars in scan mode prefer a detector that is more robust to the mismatched signals. To
improve robustness, three GLRT-based adaptive detectors [17] were proposed by assuming
that the real parts and imaginary parts of the target steering vector belong to the union of
two convex cones. The three detectors perform better than Kelly’s GLRT, AMF, and adaptive
beamformer orthogonal rejection test in mismatched signal cases, respectively. In [18], three
adaptive robust detectors for MIMO radar were proposed by adopting a subspace model
to represent the transmit signals or receive signals. Considering that the improper choice of
signal subspace may result in certain performance loss, Besson [19] assumed that the angle
between the presumed signal and actual signal is bounded and derived GLRT detector
by solving a semidefinite programming problem. The proposed GLRT is more robust but
suffers certain matched performance loss compared to the generalized adaptive subspace
detector. In [20], subspace constraint, the adaptive beamformer orthogonal rejection test,
and conic uncertainty set constraint techniques were combined to derive the adaptive
polarimetric radar detector. More recently, target echoes were modeled as the sum of
a random signal, noise, and target signal to increase the plausibility of the alternative
hypothesis in [21]. The resulting detectors can achieve increased robustness and similar
matched detection performance with Kelly’s GLRT.

Since a uniformly most powerful (UMP) test is lacking for the problem of detecting
signals with known steering vectors and unknown amplitudes [5] in Gaussian noise, it is
necessary to derive new adaptive detectors according to other test criteria and evaluate
the detection performance [22]. The gradient test is a commonly used test criterion other
than GLRT, Rao, and Wald tests [23]. This paper discusses adaptive radar target detection
problems when a signal mismatch occurs. A complex parameter gradient test is resorted to
proposing a new adaptive detector. To improve robustness, we modify the alternative hy-
pothesis by introducing a random perturbation that follows a complex normal distribution
with the CM proportional to the noise CM. Moreover, the test statistic is derived directly
based on complex parameters instead of dividing them into real and imaginary parts. The
constant false alarm rate (CFAR) property of the new detector is proved with respect to
the noise CM. The performance evaluation shows that the new gradient detector achieves
suitable detection performance in mismatched signal scenarios.

We organize the remainder of the paper as follows. Section 2 gives the problem
formulation of the problem at hand. The design of the adaptive robust gradient detector is
shown in Section 3. Matched and mismatched detection performance analysis is given in
Section 4. In Section 5, we conclude this paper.

2. Problem Formulation

The received radar echoes are denoted by y, € CN*1, where N is the number of
coherent pulses or the product of pulse numbers and antenna array elements [21,24]. We
formulate the problem of target detection as a binary hypothesis test. Under the alternative
hypothesis, the echoes include the noise ny and useful target signal s = at. Under the null
hypothesis, the echoes include only the noise ny. Here, ng € CN*! follows a circularly
symmetric complex normal (CSCN) distribution with zero mean, and CM R, « denotes the
target amplitude, + € CN*! is the steering vector of the target. A random component w
is added under the alternative hypothesis to improve the robustness of the mismatched
signals. Then, the detection problem is equivalent to deciding which of the two hypotheses

holds:
. ) Yo = Ho,
HO‘{ ye=n,k=1,..., K

. Yo = at+ w +ny,
Hl'{ ye=m,k=1,...,K

M

where y, are data under test or primary data, ¥, = [y;,...Y;,...,yx], k = 1,...,K are
training data that are independent and identically distributed (i.i.d.) with the noise ny in
the primary data. The random perturbation w obeys zero mean CSCN distribution with
CMJR.
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Then, the distributions of the received data under the two hypotheses are
. ¥~ CN(O,R),
Hy:
0 { Yi ~ CN( ) k=1,...,K (2)
o Yo~ CN(at, (14 )R),
"1 % ~CN(O,R),k=1,...,K

where CN(+) denotes the CSCN distribution, ¢ is a real constant greater than 0.
According to the distribution of the received data, we calculate the joint probability
density function (PDF) of the training data Y} and the primary data y, under H, as

1 1

o= N o waleXp{_h{R_l<S4_(1+uﬂ(y°_”“ﬂ(wj_l“ﬂH>}} ©

K
where: =0,1,5S = ¥ y,yf, | - | denotes determinant, (-)H denotes conjugate transpose,
k=1

tr(-) denotes trace.

3. Design of Adaptive Robust Detector

. T T .
For brevity, we set ®, = [aT,af,5]", @; = vec(R), ® = [0],0!]", where © is an
(N? + 3)-dimensional column vector. We resort to a one-step complex parameter gradient
test to design an adaptive detector.

3.1. Adaptive Robust Gradient Detector

The complex parameter gradient test is

dIn N H
TGradient = W{l . (®r1 - ®r0) 5 n (4)
@):@0 0

where @y is the maximum likelihood estimate (MLE) of ® under Hy, ©, is the value of ©,
under Hy, ©,1 is the MLE of @, under Hy, ()T is transpose, In(-) denotes the logarithm,
denotes the detection threshold.

We substitute @, into the test statistic (4) and get

olnf 1
dlnfy _ (81nf1)H _ aiinf1 5)
0ol ~ \ 0, o8

According to the differential theory of complex matrices, we take the partial differential
of the logarithm of the joint PDF (3) under H; with respect to ®, and have the following
results

dlnf; 1 Hp—1 Hp-1
- 1+5(t Ry, — at'R t) ®)
dlnfy 1 Hp-1 Hp—1,) "
o 1+(5(y R™'t—a"t"R t) @
81nf1 _ N 1 . Hp—1 .
% = 1+5 T 13 5P {(yo at)"R ™ (y, —at)| ®)

From the test statistic (4), it can be seen that the MLE of ® under Hy and the MLE of
O, under H; are also needed. After some calculation, we obtain

drlnf; = —(K+ l)tr(RildR> +tr{ [S + (yo —at)(yg — at)?/(1+ 5)}R71dRR*1} ©)
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A 1
Ry = [S—I— 0590) (yo—vct)(yo—zxt)H}/(K+1) (10)
Ro= (S+yout)/(K+1) (11
80 = 01,3, vec” (RO)]T (12)

where Ry and R; are MLEs of R under Hy and H; given « and . We can then obtain MLE
of & given § after substituting R; into the joint PDF (3)
&= argmin‘S + (o — at)(yy — at)F/(1+6) ’
o
— argmin(1 +6)!|S| {(1 +0) + (y, — at) s (y, — ozt)} (13)

H 0(1
_t Sy,
tHs 1t

We substitute & and R; into joint PDF f; and find that the MLE of 6 can be calculated by
minimizing (1 + 5)’%1 ‘S + ﬁ (yo — at)(y, — &t)H’ with respect to 4. Then, according to
the properties of the determinant, we have the MLE of § [21]

min(1 +6)R

S+ ik (00— 40)( — 1)

L (14)
:méinsy(lw)ﬂrl[1+5+y§}70—y51t(th) tH%]
« [ @-1DT-1,((-1)T-1>0
0= { 0, else (15

~ ~ (~H~\ ~ 1
where T = G PLHo, o = S 2y, = S0, P = Iy —E(8'F) ', = K,
The adaptive complex parameter gradient detector can be obtained by plugging
(6)-(15) into (4) and simplifying the result:

Hp 1 Ho-1 H
o Yo Ro 7S Ty 5 Hp~l ) _ N >
TGradient = 2Re ( tHS_lt +0 [tr (yO Ro yo) N} I§0 Ui (16)

3.2. CEAR Property Proof of the Gradient Detector

Hjg~14pH g1
yi Ry 1tHs™ly h
S Yo R o,
and T = y{jp;iyo. To prove the CFAR property of the gradient detector, we need only
prove that the three expressions are independent of R. According to the properties of the
inverse matrix [25], we obtain

The test statistic of the gradient detector (16) is a function of 0!

Ry = [(S+yoyt)/(K+1)]

=(K+1)|s71 =87y, (1 +y(1)15—1y0) 1y(1)15—1} (17)
Then, the three expressions can be simplified as
tHs 1t B »
= (k)1 g (1 alts ) Julfs s g (151 N

He—-144Hg—-1
— Yo S~ S yo
TSP CERD

= (K+1)Torrr = (K+1)
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A—1
Yo Ry :
= (K+1)y{fs ™'y, [1 — (1+vlis7'w) ygslyo] )
-1
= (K+1)y's 7 yo (1+ yfis )
= (K+1) (1 - ﬁ)
T =55 P; ¥y 1
= yis 1y, — y{fs*lt(tHs*lt) ths 1y, (20)
=1_7
S

Hs*lttHsfl _ HsflttHsfl _
where v = W/(l%—y{fS 1yO—W)), ¢ = 1/(1+y§5 Yo

y{fS‘lttHS_lyO
g1t

of noise CM, the proposed detector is CFAR with respect to noise CM, where C and CF

denote complex central beta distribution and complex central F-distribution, respectively.

) . Since ¢ ~ CBx_N4+2,N—1 and v ~ CF g_n41 [21] are all independent

4. Performance Assessment

Monte Carlo simulations are resorted to testing the matched and mismatched detection
performance of the proposed detector. The threshold and detection probabilities are
obtained by 100/ Pf, and 1/Py, independent trials. Unless otherwise specified, we set

Py, = 1074 N =16, t = {Lefhfd,__.,eJZN(N—de},j = /-1, f; = 0.08. The noise
CM is R = M + ¢*Iy, where M(i,j) = exp [—27‘[20}%(1' - j)ﬂ denotes a Gaussian-shaped

noise CM, 021 N denotes a white noise CM 10 dB weaker than the Gaussian-shaped noise,
0 = 0.05. The signal-to-noise ratio (SNR) is

SNR = |a|?t"R 't (21)

4.1. CEAR Property Analysis
To analyze the CFAR property of the adaptive gradient detector, we set the correlation
coefficient as: p = exp —27‘(20%). In Figure 1, we give the curves of Py, versus p and ¢.

The curves show that Py, stays almost the same for various p and ¢. In other words, the
false alarm probabilities of the proposed detectors are independent of noise CM. Thus, both
the simulation results and theoretical analysis prove that the proposed adaptive gradient
detector is CFAR with respect to noise CM.

102 i . 102 B :
—&— Gradient test —&— Gradient test
Pfa=10"* Ffa=10*
10 107 -
210 —_ = g 107 gl ey
10° 10°
10° 10
0 0.2 04 0.6 0.8 1 0 2 4 6 8 10
P a
(a) (b)

Figure 1. CFAR property analysis for N = 16, K = 2 N: (a) Py, versus p of gradient test; (b) Py,
versus ¢ of gradient test.
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4.2. Mismatched Detection Performance Analysis

Now, we test the mismatched detection performance of the proposed detector. We also
give the performance of the robust parametric GLRT detector (PGLRT) proposed in [21] and
the robust Rao and robust Wald detectors proposed in [24] for comparison. The detection
performance of conventional AMF [2] and Kelly’s GLRT [1] is also given. For clarity, we
rewrote the test statistics of these detectors as

s
TeLrr = (22)
(1 - y{fS*lyo) (tHsilt)
2
N 23)
AMF = ey
(115 I7) (1- & |
L(~ . Z], P;lyOH > §££1
TpGLRT = [(gefl)HP? yoH L ’ (24)
%,otherWiSQ
l+||P; yOH
2(K+1 NK§?
Twala = (7,\)TAMF PN ) )
143 (K+1)(1+39)
K41 - ’
Tew = 2KTantr ( NK ) [Ktr (S 1y0y5{) B N} (20

where {, = 5 (1+¢),e > 0.

To analyze the robustness of the new gradient detector, we set the actual signal steering
vector t; = {1, el . ejzn(N_l)fdf} , where f;r = fs+ A/N denotes the Doppler
frequency of the actual signal. When A = 0, ty and t are identical, that is, there is no signal
mismatch. When the actual target steering vector t; deviates from the nominal one ¢, we
define the mismatch angle as [13]

cos2f = ’tHR’ltf‘z/ {(tHR’lt) (tj’?R*ltf)] 27)

The SNR becomes
SNR = [a|*t{R™"t; (28)

Figures 2 and 3 plot detection probabilities versus SNR for A = 0.6 (cos? § = 0.16)
and A = 0.4 (cos? 8 = 0.46). It can be seen that when the mismatch angle increases from
cos? 0 = 0.16 to cos? 6 = 0.46, the detection probabilities of all the detectors increase. The
Wald test suffers the most obvious performance degradation in signal mismatch cases. The
proposed gradient test achieves comparable mismatched detection performance to the
robust Rao test and outperforms other detectors for various K. When cos? 0 = 0.46, the
gradient test achieves about 2 dB performance improvement compared with the robust
PGLRT and AMF. When cos? § = 0.16, the gradient test achieves more than 1 dB and 6 dB
performance improvement compared with the robust PGLRT and AME, respectively.
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Figure 2. P; versus SNR for N = 16, cos26 = 0.16: (a) K = 24; (b) K = 32; (c) K = 40.

1 1 1 8
@ PGLRT(¢=0)
“PGLRT(c=0.1) Py
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(b)

(©)

Figure 3. P; versus SNR for N = 16, cos? 6 = 0.46: (a) K = 24; (b) K = 32; (c) K = 40.

In Figure 4, the probability of detection (P;) as a function of cos?6 is plotted to
analyze the gradient detector’s mismatched detection performance when SNR = 20 dB
and K = 24, 32, 40. In Figure 5, the contours of P; of the detectors as a function of cos? 0
and SNR when K = 32 is plotted. It can be seen that compared with the PGLRT, Wald,
AME, and Kelly’s GLRT, the proposed gradient detector is more robust when the signal
mismatch occurs. Compared with the robust Rao detector, the proposed gradient detector
achieves better robustness when cos? 6 > 0.46.

08

- e — |
o y GLRT(<=0) B PGLRT(e=0) - PGLRT(¢=0)
0.4 - -PGLRT(¢=0.1) / - PGLRT(¢=0.1) -PGLRT(:=0.1)
A PGLRT(:=0.2) /“ e PGLRT(e=0.2) - PGLRT(e=0.2)
Rao rd Rao Rao
0zl Wald , Wald Wald
: —-&—GLRT === GLRT GLRT
2 —-8— AMF —B-= AMF —-8- AMF
ngﬁ . ) —e&— Gradient ) —&— Gradient ) —&— Gradient
0 02 0.4 0.6 0.8 1 0.4 0.8 0.8 1 0.6 0.8
CDSZ(H) CDSZ(H) CDSZ(H)

Figure 4. P; versus cos’ f of the detectors for N = 16, SNR = 20 dB: (a) K = 24; (b) K = 32; ()

K = 40.

(b)
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Figure 5. Contours of constant P; of the detectors for N = 16, K = 2 N: (a) GLRT; (b) AMF; (c)
PGLRT (e = 0); (d) PGLRT (¢ = 0.1); (e) PGLRT (e = 0.2); (f) Rao test; (g) Wald test; (h) gradient test.

4.3. Matched Detection Performance Analysis

The detection probability curve versus SNR is shown in Figure 6 to test the adaptive
gradient detector’s matched detection performance. It can be seen that all the detectors
achieve better-matched detection performance as the training data number increases. The
Rao test performs the worst in the matched cases. Compared with the Rao test, the gradient
detector shows increased matched detection performance. Compared with the PGLRT,
AME, Wald, and GLRT, the proposed gradient suffers certain matched detection perfor-
mance loss. However, the matched detection performance loss is about 1 dB. Meanwhile,
as shown in Figures 2-5, the proposed gradient detector still maintains suitable detection
performance like the Rao test when a signal mismatch occurs, while other detectors suffer
severe detection performance degradation. In conclusion, the gradient detector can achieve
comparable robustness and improved matched detection performance compared to the Rao
test. The gradient detector guarantees stronger robustness than PGLRT, AMEF, Wald, and
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GLRT in signal mismatch cases at the expense of a slight matched detection performance
loss.
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Figure 6. P; versus SNR for N = 16, cos? § = 1: (a) K = 24; (b) K = 32; (¢) K = 40.

4.4. Computation Complexity Analysis

To analyze the computation complexity of the proposed detector, we give the operation
time of the eight detectors for Pfa =10"%, cos?26 =1, SNR = 10 dB and K = 32. To obtain
the threshold and the detection probabilities, 10* independent Monte Carlo trials are
conducted. Table 1 shows the mean operation time of 10 experiments. It can be seen that
the AMF has the shortest operation time while the Wald test has the greatest computational
burden.

Table 1. Computation complexity of the detectors.

Parameters Operation Time(s)
PGLRT (¢ = 0.1,0.2,0.3) 75.3228
Rao 72.6946
Wald 77.5186
GLRT 70.0076
AMF 68.3321
Gradient 76.2530

4.5. Experimental Results of IPIX Real Data

The VV polarimetric data of File 85 of the real datasets [26] collected using IPIX
radar in Grimsby in 1998 is used to analyze the detection performance of the gradient
detector. The real data have been preprocessed according to the steps in [27] to follow
complex Gaussian distribution. The PDF curve of the measured data amplitude after
preprocessing is shown in Figure 7. Due to the limited amount of measured data, we set
N =8 K=2N, Py, = 102, Figure 8a shows the detection probability versus SNR in
matched signal case. The performance loss of the gradient test compared with the PGLRT
is less than 1 dB. Figure 8b plots the detection probability versus cos? § for SNR = 20 dB.
We can see that the gradient detector exhibits better robustness than PGLRT, AMF, Wald,
and GLRT and comparable robustness to the Rao test.
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Figure 7. Amplitude information of the real data: (a) amplitude of the real data; (b) PDF of the real
data amplitude after preprocessing.
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Figure 8. Experimental results of IPIX real data for N = 8, K = 16: (a) P; versus SNR for cos? 0 =1;
(b) P, versus cos? 6.

5. Conclusions

In this paper, the adaptive radar target detection problem in Gaussian noise has
been considered. To increase the robustness, we have introduced a random perturbation
under the alternative hypothesis. Under this assumption, the complex parameter gradient
detector is proposed by treating complex parameters as a whole. The proposed gradient
detector has been proven to have CFAR properties with respect to noise CM. The detection
performance analysis based on simulated data and IPIX real data has highlighted that the
gradient detector can achieve better robustness than Kelly’s GLRT, AMF, and PGLRT and
comparable robustness to the Rao test, which suffers severe matched detection performance
loss in matched scenarios. A possible future track may be the investigation of designing
robust detectors in non-Gaussian noise.
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