
Experimental Demonstration of Cognitive Radar for
Target Localization under Strong Interference

Xia Li∗, Zhen Hu∗, Robert C. Qiu∗, Michael C. Wicks†
∗Cognitive Radio Insitute, Department of Electrical and Computer Engineering,

Center for Manufacturing Research, Tennessee Technological University,
Cookeville, Tennessee 38501, USA

Email: xli43@students.tntech.edu, {zhu, rqiu}@tntech.edu
†Sensor Systems Division, University of Dayton Research Institute, Dayton, OH 45469, USA

Email: Michael.Wicks@udri.udayton.edu

Abstract—One of the major objectives of cognitive radar is to
form a dynamic closed feedback loop to adapt the spectrum of
transmit waveforms to avoid certain interference. In this paper,
we build an automatic closed-loop cognitive radar to support
experimental study of the radar system in real-world situations.
Convex optimization is applied to jointly design sounding wave-
forms and the matched filters with spectral power suppressed
in arbitrary bands and with low correlation sidelobes as well.
Target localization is demonstrated under strong interferences.
Experimental results are provided to evaluate the performance
of the cognitive radar system.

Index Terms—convex optimization, waveform diversity, closed-
loop, MIMO distributed radar

I. INTRODUCTION

The road from the current adaptive radar and the radar
with a function of waveform design to cognitive radar is
the key evolution for the radar system. The adaptive radar
focuses more on the adaptation at the receiver. The radar
waveform design deals with the probing signal according to
some optimization criterion. The dominant feature of cognitive
radar is the cognition, which means the radar can actively
learn about the environment and the whole radar system forms
a dynamic closed feedback loop including the transmitter,
environment and receiver [1].

The similar idea of cognitive radar is presented in [2].
The knowledge-aided fully adaptive approach is explored in
cognitive radar which can possess unprecedented capabilities
for adaptation in the challenging real-world environments.
Waveform diversity supports cognitive radar in the radar
waveform level. Waveforms can be optimized in real time to
achieve the performance gain. In clutter dominant environ-
ment, maximizing the target energy and minimizing the clutter
energy should be considered simultaneously. Besides, signal
processing in the waveform level at the receiver should also be
included into the waveform diversity framework. For example,
adaptive filter or notch filter can be designed to cancel the
clutter effect and interference [3]–[5].

The core parts which differentiate cognitive radar from
previous radar systems are cognitive engine and knowledge
base. Cognitive engine is the brain of cognitive radar. Inten-
sive computation is involved in cognitive engine which can

perform decision making, learning, understanding, conceiving,
prediction, and so on. Knowledge base is a special database
to store the radar related information. In the knowledge base,
radio map for the surveillance area is an important information.
Radio map can give the spectrum information in all spatial,
temporal, and frequency domains. Besides, the knowledge
obtained from previous illuminations should be stored and
used for the following radar sounding. Sequential waveform
design for target recognition has been discussed in [6].

In this paper, convex optimization will be exploited to
support waveform diversity for target localization under strong
interference. Optimization stems from human instinct, which
tries to minimize or maximize objective function under various
constraints. Convex optimization [7] is a sub-field of optimiza-
tion. The foundation of convex optimization is that if a local
minimum exists, the local minimum is a global minimum. As
a result, the globally optimal solution will be obtained as long
as the engineering problem can be formulated as a convex
optimization.

The first version of cognitive radar we are building is an
automatic closed-loop ultra-wideband (UWB) multiple input
multiple output (MIMO) cognitive radar. The signal bandwidth
of the radar system is 500 MHz, which meets the definition of
UWB by FCC [8]. Target localization under strong interfer-
ences will be demonstrated in cognitive radar. Cognitive radar
can automatically sense the spectrum, find the interferences,
jointly optimize the sounding waveforms and the matched
filters to get the time of arrival (ToA) information, finally
locate the target.

The contribution of this paper has three folds:
• The automatic closed-loop cognitive radar is built to

support experimental study of the radar system in the
real-world situations;

• Convex optimization is applied to joint design of radar
transceivers;

• Target localization is demonstrated under strong interfer-
ences.

The rest of the paper is organized as follows. Section II
presents the system design and implementation of cognitive
radar. In section III, waveform diversity using convex opti-
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mization are described. Experimental results and performance
evaluation are given in section IV followed by some remarks
in section V.

II. SYSTEM DESIGN AND IMPLEMENTATION

A. System Architecture

To demonstrate the concept of the proposed cognitive
sensing system, a testbed is implemented [9]. As shown in
Fig. 1, The computing engine, a computer running MATLAB,
controls the transmitter and the receiver coherently in a loop
to constitute a 2 × 2 MIMO cognitive radar. The transmitter
is a field-programmable gate array (FPGA) based design that
can transmit arbitrary sounding waveforms in real time. The
receiver is based on a digital phosphor oscilloscope (DPO)
to get RF digital samples. Digital signal processing for the
receiver is implemented in MATLAB. ToA is obtained by
searching the correlation peaks of the correlation between
received baseband signal and locally stored finite impulse
response (FIR) filter. Based on the ToA, the target position
can be estimated by solving a group of non-linear equations.
The cognitive engine jointly optimizes the sounding signal
waveforms in the transmitter and the FIR filters in the receiver
to maximize the auto-correlation peak and minimize the cross-
correlation outputs while suppressing interference signal.

As an example, we assume the interference is a narrowband
QPSK OFDM signal. The sampling rate of the OFDM inter-
ference is the same as the radar sounding signal. Interference
tones are placed at several adjacent frequency slots to become
a multitone interference (MTI) signal [10]. The interference
can occupy arbitrary part of the radar signal frequency.

B. Hardware Implementation

The transmitter is based on an FPGA connected with a
computer running MATLAB through USB port. Waveforms
generated by MATLAB is transferred to FPGA through this
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Fig. 2. The block diagram of the digital circuits inside FPGA. Note that two
channels are for one complex digital baseband signal
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port. The FPGA is connected with two digital to analog
converters (DAC) operating at 1 Gsps. Each DAC provides
two analog outputs as the inphase and quadrature components
of the complex baseband signal.

The block diagram of the circuits inside FPGA is shown in
Fig. 2. The baseband radar sounding waveform pm ∈ CL×1

for the mth transmitter antenna is generated by MATLAB.
L is the waveform sample points. An interface is designed
in MATLAB to send the waveforms in PC memory to USB
port. An USB controller block in FPGA is used to receive the
waveform data from the USB port. Each pulse can be as long
as 160 sample points, making the pulse length of each pulse
reach up to 160 ns. A trigger signal is generated to inform the
receiver the start of pulse transmission.

Shown in Fig. 3, analog RF components are connected to
the output of DAC. The modulator up convert the baseband
signal to 4 GHz carrier frequency. The power amplifier can
provide up to 30 dBm maximum output power.

In receiver, as shown in Fig. 4, the DPO are connected
to 2 receiver antennas. The sampling rate of each channel is
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50 GHz. DPO directly samples the received RF signal. DPO
starts to record the echoed signal at the same time when the
sounding waveform starts to be transmitted. A bandpass filter
is used to cancel the interference outside of signal bandwidth.
The passband of the filter is 3500 to 4500 MHz, with 30 dB
stopband attenuation. Samples are transmitted to MATLAB
through gigabyte Ethernet.

C. Software Implementation

In the transmitter part, the flow of the processing is shown
in Fig. 5. The convex optimization engine generate the pulse
waveforms based on the spectrum sensing results. The sam-
pling rate of the pulse waveforms is 500 MHz and changed
to 1 GHz by an up-sampling module. USB interface driver is
used to transfer fixed point waveform data from MATLAB to
FPGA.

In the receiver part, the flow of the processing operations
is shown in Fig. 6. Digital down converter is used to down
convert the received signal from passband to baseband. The
down sampling module is used to change the sampling rate
from 50 GHz to 500 MHz. By conducting correlation between
received signals and the locally stored FIR filter gm ∈ CL×1,
the correlation peaks are obtained. Positions of the correlation
peaks are used to estimate ToA.

The positions of the 2 transmitter antennas are expressed as
Tm = (xtm, ytm),m = 1, 2. The positions of the 2 receiver
antennas are similarly expressed as Rn = (xrn, yrn), n =
1, 2. The target location can be obtained from the solution of

unknown variable X = (x, y) in the non-linear equation:

τnm =
1

c

{√
(xtm − x)

2
+ (ytm − y)

2

+

√
(xrn − x)

2
+ (yrn − y)

2

}
(1)

where c represents the speed of light. n = 1, 2 and m = 1, 2.
τnm represents over-the-air delay from transmitter antenna m
to receiver antenna n.

To find X = (x, y), non-linear equations are solved by using
Levenberg-Marquardt algorithm [11]. This iterative algorithm
needs an initial position value. The initial value for the current
illumination is set as the localization result of last illumination.
For the first illumination, the initial value is set to the central
position of the experiment field.

III. WAVEFORM DIVERSITY USING CONVEX
OPTIMIZATION

In our MIMO cognitive radar system, the baseband sound-
ing waveform at the mth transmitter antenna is pm(t) and the
corresponding baseband FIR filter at receiver is gm(t).

There is an additive interference added to the received
signal. The frequency position for the interference signal can
be obtained by using spectrum sensing. For one each antenna,
1-bit decision is made for each spectrum bin. The sensing
results from different antennas are combined by using the OR
logic. In the following analysis, we consider each received
signal is affected by the same interference with the frequency
position same as the combined spectrum sensing result. The
baseband interference signal in the scene is i(t).

We will not consider the effects of additive white Gaussian
noise (AWGN). The target is considered as a static point target.

The baseband signal of the received sounding waveform
from the first receiver antenna is

r1 (t) = p1 (t− τ11) + p2 (t− τ12) + i (t) (2)

and the baseband signal from the second receiver antenna is

r2 (t) = p1 (t− τ21) + p2 (t− τ22) + i (t) (3)

In order to obtain τnm, rn (t) will pass through the matched
filter gm(t) which means

ynm (t) = rn (t) ∗ gm (t)

= (

M∑
m′=1

pm′ (t− τnm′) + i (t)) ∗ gm (t) (4)

where ∗ denotes convolution operation. τnm can be estimated
by pinpointing the location of the peak of pm (t− τnm) ∗
gm (t).

In order to achieve accurate τ11, τ12, τ21, and τ22, we need
to
• maximize the peak value of pm (t) ∗ gm (t);
• constrain the shape of pm (t) ∗ gm (t) except the peak;
• constrain the shape of pm (t) ∗ gm′ (t) where m 6= m′;
• suppress i(t) ∗ gm(t).



pm(t) and gm(t) is uniformly sampled to get pm ∈ CL×1

and gm ∈ CL×1. L is the waveform length. The correlation
result, pm ∗ gm ∈ C(2L−1)×1. We always assume the peak
location of pm ∗ gm is L.

Given pm, assume

p̄m =
[
(pm)L,1 · · · (pm)1,1

]
(5)

where (·)i,j denotes the entry in the matrix with the ith row
and the jth column.

Assume,

g̃m = [(real(gm))T (imag (gm))T ]T (6)

where real(·) returns the real part of complex value and
imag(·) returns the imaginary part of complex value. Mean-
while T denotes the transpose operator.

Assume,

˜̄pm = [real(p̄m) (−1)imag(p̄m)] (7)

The maximization of the peak value of pm (t) ∗ gm (t) can
be approximately represented as with only consideration of
the real part of pm (t) ∗ gm (t),

maximize ˜̄pmg̃m (8)

The maximization of ˜̄pmg̃m is the same as the maximization
of (˜̄pmg̃m)2 as long as ˜̄pmg̃m is equal to or greater than zero.
Furthermore,

(˜̄pmg̃m)2 = (˜̄pmg̃m)T (˜̄pmg̃m)

= (g̃m)T (˜̄pm)T ˜̄pmg̃m

= (g̃m)T ˜̄Pmg̃m

= trace( ˜̄Pmg̃m(g̃m)T )

= trace( ˜̄PmG̃m) (9)

where trace(·) denotes matrix trace operator and ˜̄Pm =
(˜̄pm)T ˜̄pm as well as G̃m = g̃m(g̃m)T . G̃m should be rank-1
positive semidefinite matrix. However, rank constraint is non-
convex constraint, which will be omitted in the following op-
timization problems. As a result, the optimization problem (8)
to get gm can be reformulated as,

maximize trace( ˜̄PmG̃m) (10)

Similarly if gm is given, the maximization of the peak value
of pm (t) ∗ gm (t) to get pm can be represented as,

maximize trace( ˜̄GmP̃m) (11)

where
ḡm =

[
(gm)L,1 · · · (gm)1,1

]
, (12)

˜̄gm = [real(ḡm) (−1)imag(ḡm)] , (13)

p̃m = [(real(pm))T (imag (pm))T ]T , (14)

and ˜̄Gm = (˜̄gm)T ˜̄gm as well as P̃m = p̃m(p̃m)T .
The methodologies of the shape constraints for both pm (t)∗

gm (t) except the peak and pm (t)∗gm′ (t) where m 6= m′ are

the same. We take the total energy constraint of pm (t)∗gm′ (t)
as an example here.

Given pm, construct the Toeplitz matrix PToeplitz
m ∈

C(2L−1)×L as,

(PToeplitz
m )i,j =

{
(pm)i−j+1,1, 0 ≤ i− j ≤ L− 1

0, else
(15)

Define,

P̂Toeplitz
m =

[
PToeplitz

m

√
−1PToeplitz

m

]
(16)

Thus,

pm ∗ gm′ = PToeplitz
m gm′

= P̂Toeplitz
m g̃m′ (17)

and the total energy constraint for cross-correlation is

‖pm ∗ gm′‖22 = (P̂Toeplitz
m g̃m′)HP̂Toeplitz

m g̃m′

= (g̃m′)H(P̂Toeplitz
m )HP̂Toeplitz

m g̃m′

= trace((P̂Toeplitz
m )HP̂Toeplitz

m

×g̃m′(g̃m′)H)

= trace((P̂Toeplitz
m )HP̂Toeplitz

m G̃m′)

≤ Emm′ (18)

where H denotes transpose conjugate operator.
Similarly, if gm is known, the total energy constraint for

cross-correlation is

‖pm′ ∗ gm‖22 = trace((ĜToeplitz
m )HĜToeplitz

m P̃m′)

≤ Em′m (19)

In order to suppress i(t)∗gm(t), we can notch the spectrum
bands occupied by i(t) in pm(t) and gm(t). The spectrum
position of i(t) is needed. More information of interference,
like amplitude and phase information, is not required. The
design of pm(t) and gm(t) with notched spectrum bands can
be incorporated into the convex optimization framework.

Assume F is the discrete-time Fourier transform operator
and

F̂ =
[
F
√
−1F

]
. (20)

We can get the frequency domain representation of pm as

pf
m = Fpm

= F̂p̃m (21)

If the lth row of F̂ is f̂l, each entry in pf
m can be represented

by, (
pf
m

)
l,1

= f̂lp̃m, l = 1, 2, . . . , L (22)

Define,

F̂l = f̂Hl f̂l, l = 1, 2, . . . , L (23)



Given the support set Ωnotch of spectrum bands occupied
by interference, when l ∈ Ωnotch,∣∣∣(pf

m

)
l,1

∣∣∣2 =
∣∣∣f̂lp̃m

∣∣∣2
= p̃T

mf̂Hl f̂lp̃m

= p̂T
mF̂lp̂m

= trace(F̂lp̃m(p̃m)T )

= trace(F̂lP̃m)

≤ δnotch (24)

where δnotch is the small positive value. Similarly,∣∣∣(gf
m

)
l,1

∣∣∣2 = trace(F̂lG̃m)

≤ δnotch, l ∈ Ωnotch (25)

Finally, the total energies of pm and gm should be bounded,

‖pm‖22 = ‖p̃m‖22
= (p̃m)T p̃m

= trace(p̃m(p̃m)T )

= trace(P̃m)

≤ Ep (26)

where Ep is the energy upper bound for pm. Similarly,

‖gm‖22 = trace(G̃m)

≤ Eg (27)

where Eg is the energy upper bound for gm.
Due to the operation of pm ∗gm, it is hard to optimize pm

and gm simultaneously. A semidefinite programming (SDP)
based alternative algorithm is derived to get a feasible and
optimal solution to pm and gm.

Given pm, we can get G̃m by solving the following SDP,

maximize trace( ˜̄PmG̃m)
subject to

trace(F̂lG̃m) ≤ δnotch, l ∈ Ωnotch

trace((P̂Toeplitz
m′ )HP̂Toeplitz

m′ G̃m) ≤ Em′m, m
′ 6= m

trace(G̃m) ≤ Eg

(28)

gm can be achieved through the optimized G̃m.
Given gm, we can get P̃m by solving the following SDP,

maximize trace( ˜̄GmP̃m)
subject to

trace(F̂lP̃m) ≤ δnotch, l ∈ Ωnotch

trace((ĜToeplitz
m′ )HĜToeplitz

m′ P̃m) ≤ Emm′ , m′ 6= m

trace(P̃m) ≤ Ep

(29)

pm can be achieved through the optimized P̃m.
In summary, an SDP-based alternative algorithm can be

described in algorithm 1,

Algorithm 1 Waveform Optimization Algorithm
1: Initialize p1 and p2 using the standard PN sequences.
2: while p1 and p2 do not converge: do
3: Solve the optimization problem (28) to get g1 for

fixed p1 and p2.
4: Solve the optimization problem (28) to get g2 for

fixed p1 and p2.
5: Solve the optimization problem (29) to get p1 for

fixed g1 and g2.
6: Solve the optimization problem (29) to get p2 for

fixed g1 and g2

7: end while
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IV. PERFORMANCE EVALUATION

In the experiment scenario, as shown in Fig. 7, one target
is placed in an area of 9 m2. Two target positions are tested,
namely the target position 1 and 2.

As the first step, the interference signal is generated by
MATLAB and added to the received baseband signal. Next
step, AWG will be used to generate the interference signal.

Localization performance is obtained by running the system
under different signal to interference ratio (SIR), which is
defined as

SIRdB = 10log10(
Psignal

Pinterference
) (30)

Initially, two PN sequence highly orthogonal to each other
are selected to be the sounding pulses. The received signal is
correlated with a matched filter.

Based on the knowledge of interference position, a new
pulse generated by convex optimization is transmitted as
the sounding pulse. The total energy constraint for cross-
correlation Emm′ is set to 1. Waveform total energy con-
straints, Ep and Eg , are set to 1. Spectrum band constraint
δnotch is set to 10−10. Fig. 8 shows the spectral power of
a waveform generated by convex optimization. One is the
spectral power of the digital baseband signal, the other is the
spectral power of the RF signal shown in spectrum analyzer.

Performance curve in Fig. 9 is obtained in target position 1.
Fig. 10 is obtained in target position 2. Each position is tested
in two interference bandwidth, 47.62 MHz and 79.37 MHz,
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9.52% and 15.87% respectively of the total sounding signal
bandwidth. Root mean square error (RMSE) of localization
results is obtained by conducting 1000 trials for one SIR. In
different positions, the localization performance is different
due to the different channel conditions. In all these conditions,
waveform optimization leads to apparently better performance.
Under 0 dB SIR, the RMSE can be improved from 5 meters to
about 1 meter. When the interference is focused on narrower
frequency band, the performance of waveform optimization is
better since the optimized waveform has broader bandwidth.

V. CONCLUSION

This paper has discussed the experimental demonstration of
a cognitive radar system for target localization. An automatic
realtime closed-loop radar is built to support experimental
study of the radar system in real-world situations. In order to
avoid reserved frequency bands or narrowband interferences,
the transmitted waveforms and the corresponding receiver
filters are jointly designed to have low correlation sidelobes
and with spectral power suppressed in arbitrary frequency
bands. Target localization is demonstrated in an experimental
scenario with strong interferences. Experimental performance
of the cognitive radar performance is provided with different
target locations and different interference bandwidth scenarios.
The performance of the system with waveform optimization
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capability is better than that without waveform optimization.
As the next step, AWG will be used to generate the interfer-
ence signal instead of simulating the signal using MATLAB.
Spectrum sensing will be used to determine the frequency
position of the interference signal. Waveform optimization will
be conducted based on the spectrum sensing result.

ACKNOWLEDGMENT

This work is funded by National Science Foundation
through two grants (ECCS-0901420 and ECCS-0821658), and
Office of Naval Research through two grants (N00010-10-1-
0810 and N00014-11-1-0006).

REFERENCES

[1] S. Haykin, “Cognitive radar: a way of the future,” Signal Processing
Magazine, IEEE, vol. 23, no. 1, pp. 30–40, 2006.

[2] J. R. Guerci, Cognitive radar: a knowledge-aided fully adaptive ap-
proach. Artech House, 2010.

[3] K. Gerlach, M. Frey, M. Steiner, and A. Shackelford, “Spectral nulling
on transmit via nonlinear fm radar waveforms,” Aerospace and Elec-
tronic Systems, IEEE Transactions on, vol. 47, no. 2, pp. 1507–1515,
2011.

[4] J. de Graaf, H. Faust, J. Alatishe, and S. Talapatra, “Generation of
spectrally confined transmitted radar waveforms: experimental results,”
in Radar, 2006 IEEE Conference on. IEEE, 2006, pp. 8–pp.

[5] S. Blunt, M. Cook, E. Perrins, and J. de Graaf, “Cpm-based radar
waveforms for efficiently bandlimiting a transmitted spectrum,” in Radar
Conference, 2009 IEEE. IEEE, 2009, pp. 1–6.

[6] N. A. Goodman, P. R. Venkata, and M. A. Neifeld, “Adaptive waveform
design and sequential hypothesis testing for target recognition with
active sensors,” Selected Topics in Signal Processing, IEEE Journal of,
vol. 1, no. 1, pp. 105–113, 2007.

[7] S. Boyd and L. Vandenberghe, Convex optimization. Cambridge Univ
Pr, 2004.

[8] F. C. Commission et al., “Revision of part 15 of the commissions rules
regarding ultra-wideband transmission systems,” First report and order,
ET Docket, vol. 98153, 2002.

[9] X. Li, Z. Hu, R. C. Qiu, N. Guo, G. Scalzi, and M. C. Wicks, “Waveform
diversity for closed-loop wide-band cognitive sensing system,” in Wave-
form Diversity and Design Conference, Kauai, Hawaii, January 2012.

[10] A. Akansu and X. Lin, “A comparative performance evaluation of dmt
(ofdm) and dwmt (dsbmt) based dsl communications systems for single
and multitone interference,” in Acoustics, Speech and Signal Processing,
1998. Proceedings of the 1998 IEEE International Conference on, vol. 6.
IEEE, 1998, pp. 3269–3272.

[11] D. Marquardt, “An algorithm for least-squares estimation of nonlinear
parameters,” Journal of the society for Industrial and Applied Mathe-
matics, vol. 11, no. 2, pp. 431–441, 1963.


