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Abstract: A new strategy to optimizing the waveforms of cognitive radar under transmitted power
constraint is presented. Our scheme is to enhance the performance of target estimation by minimizing
the MSE (mean-square error) of the estimates of target scattering coefficients (TSC) based on
Kalman filtering and then minimizing mutual information (MI) between the radar target echoes at
successive time instants. The two steps are the optimal design of transmission waveform and the
selection of a reasonable waveform from the ensemble for emission, respectively. The waveform
design technique addresses the problems of target detection and parameter estimation in intelligent
transportation system (ITS), where there is a need of extracting the features of target information
obtained from different sensors. As the number of iterations increases, simulation results show
better TSC estimation from the radar scene provided by the proposed approach as compared with
the traditional waveform optimization algorithm. In addition, the proposed algorithm results in
improved target detection probability.

Keywords: cognitive radar; target scattering coefficients (TSC); Kalman filtering; mutual information
(MI); waveform optimization

1. Introduction

Cognitive radar (CR) can be considered as a perceptive system that would dynamically and
intelligently shape its transmitted signals. It enables self-adaptively adjust its transmitted signal and
filter based on all preceding information about radar targets and the surroundings, consequently
has great potentials in improving its performance of target detection, estimation and recognition [1].
In recent years, radar theory has been linked with several new mathematical theories [2—4]. Crutchfield
and Feldman developed an approach to applying information theoretic measures of randomness and
memory to stochastic and deterministic processes by using successive derivatives of the Shannon
entropy growth curve [5]. The prior knowledge comprises preceding measurements, assignment
priorities and external databases. The target detection and estimation procedures provide an essential
role in the environmental perception task, which are very important in intelligent waveform design [6].
Traditional radar systems would not take full advantage of the flexibility of system with the purpose of
offering excellent performance of detection. In contrast, CR system has strong capacities in enhancing
the target estimation and detection performance, which would show good performance in the face of
various problems in a dynamic environment [7].

CR waveform optimization is an important means to enhance the performances of target
estimation and detection. Bell [8] investigated the principle of information theory to optimize
transmission waveform for detection of range spread target. A waveform optimization approach based
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on mutual information (MI) criterion is presented in the literature [9]. Mutual information (MI) criterion
further improved the work of Bell. The work in [9] developed two kinds of waveform optimization
criterions: MI minimization and mean-square error (MSE) minimization. The literature [10] focuses
upon optimizing transmitted waveforms intended for MI minimization between the successive radar
pulse echoes. In this way, the CR continually senses the environment and self-adaptively designs
waveforms based on the MI minimization criterion.

Augusto and Antonio discussed the joint optimization problem of adaptive transmitting
waveform and matched filter in various clutter environments [11,12]. Literature [13] presented
a cognitive technique to optimize phase modulated waveforms sharing a desired range-Doppler
response. The principle of the method is to minimize the mean value of the ambiguity function of
the transmit waveform over a number of range Doppler bins. The approach intends to acquire
more knowledge about target feature information. Considering range-ambiguous interference,
the joint optimization problem of the transmitted waveform and matched filter for CR working
in the complicated signal-dependent clutter environment was analyzed in [14]. The problem of
transmitted code design was presented to improve the received signal to noise ratio (SNR) of range
spread target [15]. In [16,17] a cognitive approach for transmitted waveform optimization based on
the received SNR maximization was developed. Literature [18,19] presents a method of CR waveform
optimization based upon the target detection probability maximization criterion, instead of the
received SNR maximization. The similar methods are also proposed in [20-23]. Subject to a particular
transmitting power constraint, literature [24,25] presents the water-filling method for allocating the
transmitting power and maximizing the MI between target responses and measurements.

The parameters of transmitted signal are constantly adjusted with the intention of improving
the performance of target estimation in the dynamic environment [26-29]. The similar researches on
optimizing transmitted signals for CR systems include [30,31] which studied the equivalence between
MI maximization stated in [24] and mean square error (MSE) of the target impulse response (TIR)
minimization. Literature [32] presents a method of CR waveform optimization by maximizing the MI
between the estimated TIR and the measurements. The approach would provide a better capability
in detecting extended targets in the clutter environments. The radar target scattering characteristics
can be considered as time-varying filter. Generally, the knowledge of radar environment is regarded
as long-term memory, which is applied to CR waveform design over a relative long time. Such as,
a waveform design scheme is proposed by minimizing the MI between the radar pulse echoes and
the estimated TIR [33]. At the same time, a waveform design algorithm based on the MSE of the
estimated TIR minimization criterion is proposed in [34]. Dai [35] proposes a Kalman filtering-based
method, which intends to make use of the temporal correlation of target to obtain more target feature
information. However, the method has low reliability and the computation is complex and not suitable
for hardware implementation. Literatures [36—40] propose a waveform optimization approach by
minimizing the target scattering coefficients (TSC) estimation to further enhancing the performance
of detection. However, TSC varies constantly with the dynamic radar environment. From the point
of self-adaptation system, the estimate of TSC should be constantly updated at the receiver, so that
the system can learn faster and more accurately and adapt effectively to the changing environments.
Literature [41,42] considers the waveform design method for the CR system. The TSC estimation based
on the Kalman filtering is proposed, which can explore the time correlation of the TSC and gives a
better estimation performance.

In this paper, we combine the temporal correlated algorithm presented in [41] and MI strategy [17]
to obtain an optimization waveform, which offers superior radar performance. Specifically, we propose
anew CR waveform design scheme. The proposed scheme is divided into two steps as follows.

Step 1: The step is to design an ensemble of optimization waveform for transmission. The main
objective is to minimize the MSE of TSC subject to signal power and detection constraint [17].
The scheme ensures that the temporal correlation of the target feature information can be fully utilized
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at the receiver. Once the ensemble of optimization waveform is acquired, then we choose the most
suitable waveforms for emission.

Step 2: The purpose of this module is to minimize the MI between the radar pulse echo at present
and the next radar echo. This criterion ensures that we can acquire less dependent pulse echo signal
samples to obtain more TSC information from pulse to pulse. Consequently, we choose the most
suitable waveforms for transmission that produce uncorrelated and independent radar echoes.

The key innovations of our work can be listed as follows:

(1)  We present a Kalman filtering-based waveform design approach in order to take advantage of
temporal correlation of TSC obtained from continual back-scattering echoes.

(2) We develop a new CR model, based on the idea of the MSE of TSC minimization.

(3) We propose a two-stage algorithm for waveform design in CR framework.

(4) We analyze the performances of the proposed CR system in regard to TSC estimation, target
detection, receiver operating characteristics (ROC).

The organization of this paper is as follows. In Section 2, the system model of the proposed
CR is formulated. In Section 3, TSC estimation based on maximum a posteriori (MAP) criterion is
presented. In Section 4, a two-stage waveform optimization scheme is presented. The ensemble of
transmission waveforms is designed in step 1 and the suitable waveform is selected from the ensemble
in step 2. The simulation experiments demonstrating the two-stage waveform optimization schemes
are presented in Section 5. The conclusion is given in Section 6.

Throughout our work, we use boldface lowercase letters and boldface uppercase letters to denote
vectors and matrices, respectively; H to denote transpose conjugate operation; |||, to denote the I,
norm; E{-} to denote the expectation operator; var{-} to denote the variance operator.

2. Cognitive Radar System Model

The transmitter sends wideband radar waveform to probe a range spread target and surroundings.
The target echoes are gathered by the receive antenna and passed on to the matched filter,
which matches the radar target echoes to transmitted waveform stored in the system receiver.
The features of the backscattering information are examined for target parameter estimation.
The Kalman filtering module designs an ensemble of optimization waveforms in the current instant
and MI minimization module chooses an optimal signal from the assemble for the transmitter to obtain
the best knowledge about the radar scene feature in the next radar pulse (presented in Section 4).

We discuss the performance of a CR system that includes the idea of “TCS estimation” and
“MI Minimization.” The CR system proposed in this work is composed of four parts: Kalman
filtering; MI minimization; Waveform chosen; TSC estimation. The parts of Kalman filtering and MI
minimization are the new approach that distinguishes the differences between the proposed CR system
and other types of feedback radar system. The architecture of the proposed CR system is stated in
Figure 1.

We formulate CR system model in an intelligent transportation system (ITS) scenario, that is,
the whole length of transmission signal is larger than the maximum delay relative to the first arrival
from all the echoes, which is effective for short distance environmental perception applications when
the distances of the transmitter via radar targets are within several hundred meters. We denote
transmitted waveform that will be emitted as f = [f(1), £(2),..., f(M)]", where M is the sample

M
number. The total transmission energy is 1 ¥ |f (m)* = E 7. Radar target is modeled as a
m=1

range-extended target. The backscattering signal from the radar target is interfered by additive
white Gaussian noise (AWGN) w. Therefore, the backscattering signal can be expressed in discrete
form as

y=2Zg+w 1)
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Figure 1. The architecture of the proposed CR system.

where Z = diag{z} describes a diagonal matrix of transmitted waveform in the frequency
domain. z denotes the Fourier transform of transmitted waveform f. g is the TSC vector, which is
the Fourier transform of TIR vector. w is the additive Gaussian noise in the frequency domain.
We define E[g!’g] = Ry and E[ww!| = Ry as the covariance matrices of TSC and AWGN. We have
y ~ N{0,R}, where
R = Efyy")
= E{ZggHZ" +ww'} )
=ZRrZH+Ry

If the target does not exist, we have y ~ N{0, Ry }. From the literature [35], the time dynamic
characteristic of the TSC at time i can be described as

gi=¢ /Tgi 1 +v G)

where i denotes the index of radar pulses. 7 is the time correlation coefficient of TSC during pulse
recurrence interval. T denotes the pulses interval. v describes complex Gaussian noise with zero-mean.

3. TSC Estimation

Target feature estimation can be considered as the prerequisite condition for the target detection.
We intend to estimate TSC for enhancing the detection performance of CR system. We assume TSC is
random and follows a Gaussian distribution. Generally, the maximum a posterior (MAP) criterion is
used to estimate the TSC. The TSC estimation algorithm at time i is expressed as

g = argﬁ};axp(gi lyi)

plyilgi )p(si) (4)

= argmax
g 8i r (YI)
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where
Hpp—
plyilgi) = W eXP(—%(Yi ~Zigi) R (yi— Zigi))
p(gi) = WQXP(*%(&)HR?&) ®)
p(yi) = [ p(yilgi)r(gi)dgi
By substituting (5) into (4), the posterior probability p(g;|y;) can be obtained as follows:

vy — PUyilgi)p(gi)
p(gilyi) = p(vi)

exp ((Zz‘gi)TYi* 5(Zigi) Zigi— 3 (8) Ry (&‘)) (6)

N o <1<(Zi)TYi>T((Z,>Tz,+R1>T<(Zi)TYi>>\/
XP| 2 R, i) LiTRr Ry

The backscattering signals y; follows Gaussian distribution and the posterior probability p(g;|y; )
denotes probability distribution function of TSC. Thus, the estimate of TSC can be written as follows:

2n<(Zi)TZi+R}1)71‘

g = argmax{gfl (Zfl R\'Z; + Ry 1)8:‘ - yIR,'Z;g; — g'Zf Rﬁlyz'} -
8i
= Cyi

The receiver filter can be denoted by the matrix form C; as follows
He-1 1]} \He-1
Ci= W'+ o] ey (®)
The MSE of TSC estimation can be written as follows:

P, = E{|1& — &il3}
— {(Ciyi — 8 (Ciyi )"} ©)
= C/(ZRr(z)" + Ry ) (C)" — CZiRr - Rr(Z)"(C)" + Ry

4. Waveform Optimization

We develop a new scheme to optimizing the CR waveform. The first step: The primary purpose
of waveform optimization is to minimize the estimate of TSC via Kalman filtering. Once an ensemble
of optimized signals is acquired, then we intend to choose the most suitable waveform for probing
from the optimized ensemble. The second step: We develop a waveform selection criterion on the basis
of minimizing the MI between the radar pulse echo at present and the next radar echo. The successive
backscattering signals are statistically independent on each other in time, in order to obtain more radar
scene feature information at each radar pulse.

4.1. TSC Estimation Based on Kalman Filtering

Generally, the TSC is considered as time variant and transmitted waveform should be adaptively
adjusted accordingly. In order to make good use of the temporal sequence correlation of target feature
during the pulses interval, we develop a scheme for TSC estimation based on Kalman filtering in the
first step. The iterative procedure of Kalman filtering based TSC estimation can be summarized as
Algorithm 1.



Entropy 2018, 20, 653 6 of 14

Algorithm 1. The MSE of TSC estimation matrix based on Kalman filtering

Step 1: Initialize the MSE of TSC Py /1 =0
Step 2: At time i — 1, calculate the predicted TSC as follows:
Biii1=¢ /"8 11
Step 3: At time i — 1, calculate the predicted MSE of TSC as follows:
Py =e 2T/TP g + <1 — e 2I/T)Rr
Step 4: At time i, calculate the Kalman gain as follows:
@ = Py, (CZ)" (CRACH + Cz;Py,  zHCH)
i 1\1—1( i z) iRNGi™ + CiZ; ili—1%i i
Step 5: At time i, calculate the estimated TSC as follows:
8iji = 8iji—1+Pi (21 - Cizigih—l)
Step 6: At time i, update the MSE of TSC as follows:
Py =Py — PCZPy; 4
If i = Imax, the iterative procedure ends; or else, return to Step 2 and repeat.

We optimize transmitted waveform by minimizing the MSE matrix of TSC at each Kalman filtering
step. The CR waveform optimization problem is preliminary presented as follows:

z; = argmin{tr (PZ-“) }

s.t. zlz; < Es

1

PDZS

(10)

The objective function in (10) is to minimize the MSE of TSC matrix and the constraint function
in (10) is the probability of target detection and transmitting power. We simplify the probability of
target detection constraint. The likelihood ratio detection can be expressed as:

Hy
(yi) = y/'Ry'Zii =T (11)
2

where T is the detection threshold, which is assumed to be a constant. Hence, by substituting (1)
into (11), the probability of target detection can be obtained as follows:

Py = P((Zigi +v) R (Z:g1) > T)

(12)
=Q(Q ! (Pn) - (Z8)"Ry'Zig)
where Pr, = Q <()£1> is the false alarm probability. Q(-) denotes the Q-function. Because
Z;8)) Ry Zigi
Q(x) is a monotonic decreasing function of x, we can re-express the detection probability as follows:
p(z;) = 2GR Giz; > ¢ (13)
where G; = diag{8;}. According to the Algorithm 1, we can re-express the objective function as

follows: B
f(z;) = tr<(<Pii1)l + ZfIjolzl) ) (14)

Therefore, we can re-express CR waveform design problem (10) as follows:

—1 -1
z; = argn;in{tr(((Pi“_l) + ZzHRlel) ) }

H
st z;77z; < Ef

leCA;Z-HRI(,lCA;Z-zi >
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where p(z;) = z/! G;1 R&léizi is the target detection constraint. By performing Eigen-decomposition
(ED) to p(z;) = le G;H R&léizi, eigenvalues’ distribution in signal subspace can be obtained [27].
While z; denotes the eigenvector of GH joléi with the maximum eigenvalue, we have
maxp(z) = AmaxE s where Amax is the maximum eigenvalue of CiH Ri,l(A}i, E = Vgaxvmax, Vmax 1S
the corresponding maximum eigenvector. Therefore, the CR waveform design problem (10) is convex
satisfying the condition AmaxVh 3 Vmax > €. We further assume that P;;_1 and Ry are diagonal matrix.
We have

Pi\ifl,mRN,m
H
RN, m +Z,',mzi,m Pz‘\i—l,m

z; = argmin)
Zi m
s.t. zf{zi < Ey (16)
ZIHGI'HR;]lGiZZ‘ >¢
where z; ,, denotes the m-th entry of z;, P;;_; ,, and Ry, denote the m-th row and m-th column of
P;;_1 and Ry, respectively. To solve the optimization problem in (16), we use the Lagrange function as

Piji—1,mRNm

f(zi, M, A2) = Z

+M(p(zi) —€) + Ay (22 — E (17)
o R + 200, 2imPrji—1,m (b ) (l l f)

where p(z;) = le G;H R;,léizi. The extreme value of (17) can be attained using
of (ziMAa) _
lzm HZ

Py; RNm Piji—1m ¢ e
= ili—1,m™N,m " ili—1, 5 + )\1 (GiHRNlGi) + /\2 =0

H
(RN,mJFZ,',mZi,mPi\i—l,m)

(18)

With L; ,, ,, denoting the entry at m-th row and m-th column of L;. Hence, the optimization
waveform can be obtained as follows

R R
|z )3 = max N - A (19)
A (GiHRg,lc;i) +A, Piicim
where A; and A, are utilized to restrain the power of transmitted waveform and the detection
probability.

4.2. MI Minimization between the Radar Pulse Echo at Present and the Next Radar Pulse Echo

We denote the MI between the radar pulse echo at present y; and the next radar pulse echo y; ;1
as I(y;,yit1).- If y; and y; 1 are statistically dependent, I(y;, yi11) would be extremely high. Thus,
high gain in target feature information cannot be obtained. We proceed to the waveform selection
module, in which we mean to acquire independent and uncorrelated radar pulse samples reflected by
the target to gain more TSC information from scan to scan. Subsequently, we choose the most suitable
waveforms for emission that produce less statistically dependent backscattering signals. In other words,
we desire to obtain the reasonable waveform from the ensemble that would minimize I(y;, yi;1)-

We denotey; = [y;(1),yi(2),...,yi(M)] T as the vector of backscattering signal at time 7. I(y;, y; 1)
can be expressed as

(yi,yit1) = I(yilzi) + 1(yis1|zic1) — 1(Yi Yis1|2i zisn) (20)

where H(y;i|z;) denotes the entropy of y; given the knowledge of the transmitted waveform z;.
The terms H(y;11|zi+1) and H(y;, yi+1|2i,zi+1) in (20) are defined similarly.
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We denote y = {y;(m),y;+1(m)} as the m-th sample sequence of the vector of two successive
received signals. The probability density function of y can be expressed as

foly) = explw Wy~ u)] 2
(vam) it ?
H(y|z) is presented as follows:
(yl2) = 1+ 3 In[(2me)? 2] 22)

Hence, H(y;,yi11|2i,2i11) can be derived as follows

I(yi,yis1lzi ziv1) = I(yi(m), yiy1(m)|zi(m), zi1q (m))

(23)
:1+%M“mwfmﬂ
The covariance matrix can be denoted as
2
5 _ R Pi,i+11§i,Ri+1, (24)
pii+1Ri Rit, R7 4

Elyfyi4] . . .
where |X| = RZZRZ-Z+1 (1 — p1'2i+1) yand pj i = Ebiyin] is the correlation coefficient. The term H(y;|z;)
' SN S

can be derived as follows
I(yilzi) =—[Y()In[¥(y))dy

—w(y)n {_Wz—p _zn(\/z?ag)}dy (25)

=1+ 1m(2nR?)

2
where ¥(y) = \/2171'71{12 exp {— (yﬂ%’)] is the univariate pdf of y;. Similarly, the term H(y;;1|z;+1) can
be defined as follows:
1 1 )
I(yit1lzig1) = 5 taln (27TR1‘+1) (26)

Then, we can obtain I(y;, y; 1) by substituting (23), (25), (26) into (20)
2
1(yiyi1) = 3In(27R2) + 3In(27R2, ;) — 3In ((27) R2R2,, (1 = p2,.,))
= —3In (1 - Pzz,iﬂ)
Finally, the minimization MI problem can be formed as follows

Iin = z,-i?gclzzi {— 3ln (1 - p§i+1) } (28)

s.ttrz]lziq] < Ef

(27)

The backscattering signal y; is exploited to estimate the covariance matric of the TSC Rr.
The received signal y; 1 over all possible transmitted waveform z;;; € C;, can be estimated by
using (1). We generate an estimate of all the received signals of the corresponding p; ;1. Therefore,
the minimization MI problem (28) can be solved by choosing the value for z;; € C;,.

The first step: we design optimization waveform for transmission with an objective of minimizing
the MSE of TSC estimation via Kalman filtering; the second step: We choose the most suitable waveform
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based on MI minimization between successive target echoes. The proposed waveform optimization
process is presented as Algorithm 2.

Algorithm 2. The proposed CR waveform design algorithm

Step 1: Initialize the observed state of TSC g; and the MSE of TSC Py ,; = 0.

Step 2: Solve for the optimization waveforms ensemble for transmission with an objective of minimizing the
MSE of TSC as stated in step one.

Step 3: Generate the estimated value y; based on the estimated value §;.

Step 4: Solve for optimization waveform z, on the basis of the MI minimization criterion as stated in step two.
Step 5: Update the observed state of TSC g based on the current value y;.

Step 6: If i = Inay, the iterative procedure ends; or else, return to 2 and repeat.

We can summarize the two steps cognitive waveform design scheme as follows:

(1) The proposed CR continuous updates the estimate of TSC by continual measurements of TSC
and employs the radar scene feature to select the most suitable signal for emission. The cognitive
receiver is able to the delivery of the TSC estimation to the transmitter.

(2) The transmitter adaptively adjusts its probing signal to accommodate the unknown
dynamic environment.

In summary, the proposed two steps optimization scheme for target estimation can be
implemented according to the block diagram in Figure 2.

!

,| Obtain an optimization

Initidize the observed state

of TSC and the MSE of TSC waveforms ensemble
| Calculate the predicted TSC and Generate the estimated value
'| the predicted MSE of TSC Y,
: Solvefor optimization
cd wlta;ee gfggen;‘?sgg nand waveform on thebasis of the

MI minimization criterion

l l

Update the MSE of TSC Updatethe ‘}bgg"ed state of

Y

Obtain the suitable
tranamission
sequence

Figure 2. The two steps optimization scheme for target estimation.

5. Simulation

The process of the two steps waveform design scheme is shown in Figure 1. The performances
improvement of target detection and TSC estimation provided by the proposed algorithm are discussed
in this section. For a dynamic target scene, 900 simulations wave always run for each test at particular
received SNRs. The experiment parameters are presented in Table 1.
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Table 1. Simulation Parameters.

Simulation Parameters

E Y Signal power 1
L Length of transmission waveform 60
SNR Received SNR 15 dB
A Temporal correlation 0.1s
T PRI 1ms
Pfa False alarm probability 0.01

The TSC is estimated via Kalman filtering in the subsequent time interval. The normalized MSE
of TSC is used for defining the performance of target estimation as follows:

A 2
nmsE = 188l (29)
I8ll2

where g and g denote the estimate for TSC and the observed state of TSC, respectively.

We assume that the length of the target impulse response is N = 32 range cells. The PSD of the
target is shown in Figure 3. In our simulations, the AWGN is given. The initial range of the target is
Rop = 1 km and the velocity is v = 60 km /h. The target deviates from the radar along the line of sight
(LOS) and the initial SNR is 15 dB.

15

10k

PSD (dB)

-10

-15

-20 -

_25 Il L L L I
0 100 200 300 400 500
Freguency index

Figure 3. The PSD of the target.

5.1. Target Detection Performance

Figure 4a demonstrates the probability of target detection provided by the Kalman filtering
approach for different SNRs. The optimization waveform is generated by Kalman filtering approach.
The iterative procedure has been run for 20 times. As shown in Figure 4a, the value of required SNR
decreases as the iteration times increase for a particular target detection probability. The Kalman
filtering approach converges after 15 iterative computations, yielding a probability of 0.9 at SNR =3 dB
as compared to SNR = 13 dB at the beginning of the iteration. The detection capability of Kalman
filtering approach is becoming better as the number of iterations increases. Nonetheless, target
detection probability does not present more enhancements after 20 iterative computations.

Figure 4b shows the detection probability provided by the MI minimization scheme in different
values of SNR environment. The covariance matrix of TSC Rt and the correlation coefficient p; ;11 can
precisely be estimated at high SNRs. As a consequence, the most suitable transmitted signal for the
next radar pulse can be exactly selected. Hence, the value of MI reduces as the number of iterations
rises. In contrast, the estimate for Rt and p; ;1 are poor at low SNRs. The MI value does not present
obviously reduce with many iterative computations. Therefore, there is little improvement in the
target estimation with regard to the dynamic radar environment. MI minimization scheme cannot
offer performance enhancement in this case.
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In Figure 4c, we compare detection probability for the optimized waveform offered by the two
steps algorithm with detection probability for the optimized waveform provided by MI minimization
scheme and compare the result with Kalman filtering approach as well. The iterative procedure has
been run for 20 times. Since the proposed algorithm utilizes the Kalman filtering and MI minimization
from pulse to pulse, CR system dynamically adapts radar waveforms is superior to waveform provided
by MI minimization scheme. Besides, Kalman filtering approach cannot acquire uncorrelated radar
pulse samples reflected by the target to gain more TSC information after 20 iterative computations.
As you can see in Figure 4c, detection probability of Kalman filtering approach and MI minimization
scheme are suboptimal and detection probability of the proposed two steps algorithm (combining
Kalman filtering algorithm and MI strategy) is optimal.

Figure 4d demonstrates the ROC for 4 types of strategies. (1) Traditional radar system based on
MAP criterion; (2) CR system based on MI minimization criterion as stated in [27]; (3) CR system based
on Kalman filtering as stated in [42]; (4) CR system using the proposed waveform design algorithm.

! 7 . 8
K
09F /
" /
08t ‘Fb
071 / 6
¥ P
06 / -
/ 8
FO05F / / =
fF 3 =
0.4 “j / i 4+
03f / —— Iteration 20 | -
r e —#— lteration 15 == SNR=0dB
02 / / Iteration 10 | | SNR=5dB
’ ¢ 4 —&—lteration 5 _
ol / reaons | | 5 ||-=-SNR=10dB
’ Iteration 1 —— SN R:ZOdB
ol ke . .
5 0 5 10 15 20 0 5 10 15
SNR(dB) Iteration
(a) (b)
1 . . D . N
¥
0.9 | [—#—The proposed algorithm 0ok Neyman-Pearson criterion

—+— Kalman filtering approach —p— Kalman fitering approach

081 MI minimization 0.8 |77~ Miminimization scheme

—#— The proposed algorithm

gosr / Fosk

02 * 7 02
/
0.1 }/* Vi 0.1
KA
(L EPEOECEE K ) 0
10 5 0 5 10 15 10 10° 10 10° 10?2 107 10°

SNR(dB) Pfa
() (d)

Figure 4. (a) The probability of target detection for different iterations of Kalman filtering scheme;
(b) The probability of target detection for different SNRs of MI minimization scheme; (c) The probability
of target detection for 3 kinds of schemes; (d) The ROC for 4 kinds of strategies.

The curves for the Kalman filtering approach, the MI minimization scheme and the two steps
algorithm have been operated at the end of 25 iterative computations. For Py, = 0.01, the probability
of detection provided by the two steps algorithm is 0.9 as compared with 0.7 generated by MI
minimization scheme, 0.65 by Kalman filtering approach and 0.5 by MAP criterion. As the proposed
algorithm utilize the temporal correlation of TSC during the pulses interval, the proposed radar system
adapts its probing signal to the fluctuating target RCS. Besides, the successive scattered signals are
uncorrelated with on each other. This ensures that something more about the target information can
be learned at every instant of reception. Therefore, the detection probability of the proposed two steps
algorithm (combining Kalman filtering algorithm and MI strategy) is optimal.



Entropy 2018, 20, 653 12 of 14

5.2. TSC Estimation Performance

Figure 5a shows the normalized MSE provided by the algorithm with respect to TSC estimation
subject to the signal power constraint. The curves indicate an enhanced estimation performance for
the two steps algorithm as compared with the MAP criterion, Kalman filtering approach and MI
minimization scheme. As shown in the Figure 5a, the MSE performance of TSC provided by the two
steps algorithm is better than MAP criterion and Kalman filtering approach. This can be fulfilled by
choosing transmitted waveforms that result in uncorrelated and independent radar pulse samples
in order to obtain more target feature information. At the same time, the MSE performance of TSC
provided by the two steps algorithm is better than MI minimization scheme at each iteration step.

Figure 5b demonstrates the normalized MSE provided by the algorithm with respect to TSC
estimation subject to the signal power and detection probability constraint. The MSE of TSC achieved
by the proposed algorithm and three different schemes are compared to demonstrate the advantage of
the two steps algorithm, particularly for the first few iterations.

1.2p

—S— MAP criterion
MI minimization

—*— Kalman filtering approach | |

—b— The proposed algorithm

The normalized MSE

Iteration

@)

—S— MAP criterion
MI minimization 4

—¥— Kalman filtering approach

The proposed algorithm

=
3

The normalized MSE
-

05L

1 11 21 31
Iteration

(b)

Figure 5. (a) The MSE of TSC estimation subject to signal power constraint; (b) The MSE of TSC
estimation subject to signal power and probability constraint.

6. Conclusions

We have developed a CR waveform optimization algorithm, which includes the waveform
optimization module and waveform selection module. The two steps scheme is based upon continuous
perceiving of the target and surroundings via Kalman filtering and adaptation of the send signals to
suit the time-variant surroundings. Such a cognitive strategy ensures better target discrimination and
parameter estimation capability. The simulation results demonstrate that, the proposed CR waveform
design scheme provides great performance improvements in regard to detection probability and TSC
estimation. Such cognitive radar system can be used in ITS applications to address the environmental
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sensing issues. However, there is a raise in the operational cost because of the two steps in the
waveform design procedure. Following works would investigate some improvements of the proposed
algorithm for linear programming. It makes the proposed scheme more simple and efficient.
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