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ABSTRACT 

This study presents an adaptive cognitive radar that the perception-action cycle (PAC) 

and continuously retunes transmit power (Pt), carrier frequency (ƒc), antenna gain (G), 

bandwidth (B), number of pulses (NP), pulse repetition frequency (PRF), target range 

(R), range resolution (∆R) and detection threshold (γ) to improve target detection in 

noisy, cluttered, and interference-rich environments. The system employs a Neyman-

Pearson (NP) detector with dual-domain assessment via receiver operating 

characteristics (ROC) curves and range-doppler (R-D) maps. The objective is to 

increase detection probability (PD) at fixed false-alarm levels while producing clearer 

range-doppler signatures and higher effective signal-to-noise ratio (SNR) than 

conventional constant false alarm rate (CFAR) or matched-filter (MF) baselines under 

dynamic conditions. The main contribution is a particle swarm optimization (PSO) -in-

the-loop cognitive framework that jointly optimizes continuous radar parameters in real 

time within an NP decision scheme, linking statistical reliability with visual separability 

and providing a practical, low-complexity controller with a structured algorithmic 

workflow. The system integrates matched filtering, NP thresholding, range-doppler 

processing, and PSO velocity/position updates in a MATLAB simulation framework 

environment for reproducible before/after evaluation under configurable transmitter, 

environment, target, and PSO settings. Numerical results demonstrate that at 

representative ROC operating points, PD increases from about 65-80% before PSO to 

about 85-92% after PSO, while false alarm probability (PFA) decreases from about 0.01-

0.10% before PSO to about 0.005-0.05% after PSO. Overall, across tested cases, PSO 

improved PD by approximately 10%-20% and reduced PFA by approximately 2%-5%, 

range-doppler maps show visibly sharper peaks and clearer separation for weak or 

overlapping targets after tuning. The implication is a practical path to real-time, low-

complexity target detection gains in dynamic environments using a PSO-driven 

cognitive loop with NP decision making. 
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1 Introduction 
   Radar is a remote-sensing system frequently 
utilized for object monitoring, surveillance, and 
imaging applications (mainly in military and 
civilian), cognitive radar (CR) is an advanced type 
of radar that emulates(imitates) human cognitive 
learning processes to extol detection and tracking 
capabilities, it has employed with the closed-loop 
feedback fashion as perception-action cycle 
(PAC) approach which enables CR identifying 
environmental variations and configuring its 
transmission along-the-storage behaviors based 
on every change can contribute towards improve 
control by It also employs a paradigm enabling 
maintain to continuously acquire environment 
information, adjust their operations to achieve 
specific goals. The fundamental principles of CR 
include the PAC, which enables real-time 
interaction with the environment; memory, which 
stores past experiences to inform current 
decisions; attention, which focuses computational 
incomes on critical tasks; and intelligence, which 
enables reasoning and problem solving to 
enhance radar functionality (Haykin, 2006), also 
an original cognitive detector architecture is 
presented to improve target detection and tracking 
in dynamic, cluttered environments, and it uses 
image characteristics and scene analysis to 
improve detection algorithms, incorporates 
background information for better data 
association, and applies a multipolicy detection 
algorithm with feedback between detection and 
tracking to optimize performance. This technique 
is suitable for high frequency surface wave radar 
applications (Li et al., 2008), also, through 
learning and dynamic resource management, CR 
optimizes radar parameters to enhance tasks 
such as detection, localization and identification in 
a multitarget case. Time sharing among multiple 
tasks is further optimized according to detection 
probabilities by radar for the purpose of improving 
performance of the radar (Fan et al., 2009), also 
the paper is committed to proposing a cognitive 
radar structure based on knowledge-aided 
processing and adaptive transmission in order to 
provide better real-time capability of radar, 
achieving desirable objectives such as target 
detection and deification with less interferences in 
an effective way (Guerci, 2010), so that by using 

vicinal waveform adaptation based on previous 
knowledge of radar-scattering environments, the 
system can greatly enhance detection 
performance, particularly in high-noise situations 
where traditional algorithms such as time reversal 
(TR) work poorly (Jin, 2012). A key element of this 
framework is a detection processor that 
incorporates matched waveform design, 
estimates the Target Impulse Response (TIR) and 
employs a generalized likelihood ratio test (GLRT) 
detector within a closed-loop structure using 
Estimation-Before-Detection (EBD), to refine 
waveform transmission iteratively in an adaptive 
manner to improve reliability and detectability 
(Zhang and Cui, 2013b), further enhancing 
performance, the proposed algorithm 
incorporates a track-before-detect (TBD) with 
kalman filtering (KF), the resulting scheme tries to 
update continuously TIR as well as transmitted 
wave form which thus leads to enhanced tracking 
performance and more reliable detection results at 
every iteration (Zhang and Cui, 2013a). 
   Bell and his team constructed a complete 
adaptive radar system for target detection and 
track initiation as an extension of the above single-
target tracking model. Their cognitive 
sensor/processor system combines environment, 
sensor, processor and controller to improve target 
state estimation. Simulations demonstrate the 
superior performance in detecting targets of new 
detection method by improved utilization of 
multiple assets in terms of observation time (Bell 
et al., 2014). CR adjusts its transmission 
waveform based on feedback in closed-loop to 
target and environment. This study investigates 
the range-doppler capability and anti-interference 
property of a typical CR waveform. The paper 
surveys the signal model, it calculates the 
ambiguity function and SNR degradation under 
white interference, colored interference, and 
finally shows MATLAB simulation framework 
results (Rufang et al., 2015). Additionally, 
adaptive processing and feedback mechanisms 
are used to expand sensor data acquisition and 
resource allocation compared to traditional 
systems (Bell et al., 2015a). Additionally, adaptive 
processing and feedback mechanisms are used to 
expand sensor data acquisition and resource 
allocation compared to traditional systems (Bell et 
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al., 2015a). This study optimizes time allocation in 
multitarget radar tasks and develops a strong 
waveform design for wideband cognitive radar. 
Using a maximin approach, it increases target 
detection under model uncertainties by 
maximizing worst-case signal-to-interference-
plus-noise ratio (SINR) (Tang and Tang, 2016). 
The dissertation presents a CR detection 
framework for nonstationary environments, 
integrating change-point detection, clutter 
distribution learning, and adaptive detection. 
Using an extended cumulative sum (CUSUM) 
algorithm, it fast identifies clutter changes, while 
kernel density estimation (KDE) updates clutter 
models. Adaptive detection adjusts the likelihood 
ratio test (LRT) to save performance. Simulations 
improved real-time detection with dynamic 
handling of multiple change-points (Xiang et al., 
2020). 
   Deep Reinforcement Learning (Deep RL) is 
functional to increase the coexistence of cognitive 
pulsed radar and communication systems. Using 
Deep Q-Learning (DQL) and Double Deep 
Recurrent Q-Network (DDRQN), the radar 
dynamically adjusts its waveform to decrease 
interference and improve detection. Experimental 
results on a software-defined radar (SDRadar) 
prototype demonstrate higher performance over 
traditional methods, also, Deep-Q Learning has 
been used to optimize radar-communication 
coexistence by modeling the environment as a 
Markov Decision Process (MDP), successfully 
minimizing interference and enhancing system 
performance (Thornton et al., 2020), furthermore, 
the best receive architectures for target detection 
are derived from likelihood ratio tests, showing 
that the optimal average LRT is not strictly linear 
(Ali and Richmond, 2021). 
   The cognitive radar system integrates 
environmental learning, decision-making, and 
real-time adaptation using Artificial Intelligence 
(AI) to optimize waveform design and resource 
allocation, combining a coherent radar model with 
the SOAR (State, Operator, And Result) cognitive 
architecture whose sensorimotor subsystem 
handles signal processing and adaptive waveform 
design and whose AI subsystem leverages long-
term and short-term cognitive memories to model 
the environment and solve the SNR maximization 

problem resulting in superior detection 
performance in interference-rich settings (Czuba, 
2022) . The Water-Filling (WF) algorithm allocates 
power across frequency channels to maximize the 
SINR. To overcome WF’s limited bandwidth 
control, this work derives a corrected SINR, 
imposes bandwidth and energy constraints to 
form a non-convex model, solves it via Karush–
Kuhn–Tucker conditions, and synthesizes a 
constant-modulus time-domain waveform. The 
proposed method outperforms linear frequency 
modulation (LFM) and traditional WF designs in 
SINR and bandwidth control and enables a 
closed-loop CR that adapts waveforms in real time 
(Yang et al., 2023) .The proposed cognitive radar 
framework enhances traditional systems by using 
situational awareness and an Interacting Multiple 
Model (IMM) with an unscented kalman particle 
filter (UKPF) to optimize joint waveform design, 
beam control, and power allocation featuring 
pulse-to-pulse frequency agile waveforms for 
multi-target tracking and adaptive pulse intervals 
to improve detection accuracy and low probability 
of intercept (LPI) (Song et al., 2024). This article 
presents a method for detecting tangentially 
maneuvering targets in range-ambiguous clutter 
by exploiting airborne radar’s interpulse agility. It 
jointly optimizes the phase-agile transmit 
waveform and the slow-time receiver’s window 
function to shape the ambiguity function and 
minimize clutter echo power at the target-matched 
filter output. The optimization, subject to constant-
modulus, target peak-matching, and SNR-loss 
constraints, is solved via alternating iterations 
over phase codes and window functions, ensuring 
monotonically reduced clutter power. Simulations 
show the optimized transceiver reliably detects 
tangentially moving targets within a specified 
range interval without prior knowledge of clutter 
distribution (Xiong et al., 2025). A model-agnostic 
constant false alarm rate (CFAR) method is 
introduced for multi-target detection in cognitive 
co-located multi-input-multi-output (MIMO) radar, 
proving an asymptotically chi-squared Wald 
detector under practical spatiotemporal conditions 
and revealing an antennas–pulses tradeoff; the 
approach scales to radar networks via centralized 
signal combining and decentralized max-fusion, 
and leverages reinforcement learning to steer 
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beams toward likely targets, yielding improved 
detection and faster acquisition in dynamic, low-
SNR scenarios, with centralized fusion 
outperforming decentralized at higher 
communication cost and additional radars 
providing strong spatial-diversity gains (Goradia et 
al., 2025). This work formulates adaptive time 
allocation for scanning and multi-target tracking in 
a cognitive radar as a constrained markov 
decision process (CMDP) and proposes a 
constrained deep reinforcement learning (CDRL) 
framework based on deep deterministic policy 
gradient (DDPG) to jointly optimize tracking 
accuracy and detection performance under a fixed 
time budget (Lu et al., 2025). 
  The main difficulty is that relatively static radar 
settings cannot adapt to contamination such as 
noise, clutter and jamming conditions which keep 
changing over time, leading to poor target visibility 
under varied operating environments and high 
false-alarm rates. The principal limitation of 
existing approaches is the absence of efficient 
methods to jointly optimize multiple continuous 
control parameters in real time-transmit power 

( )t
P , antenna gain ( )G , carrier frequency ( )c

f , 

bandwidth ( )B , number of pulses ( )p
N , pulse 

repetition frequency (PRF), target range ( )R , 

range resolution ( )R , and detection threshold ( )

-rendering conventional CFAR or matched-filter 
(MF) solutions inadequate under dynamic 
conditions. This short-coming is tackled in this 
work by including PSO to the cognitive loop: on 
each burst-period, PSO evaluates multiple 
parameter settings, handles detector feedback 
based on NP criterion and matches the best 
settings for the next transmission opportunity 
leading to continuous self-adaptation. Simulation 
results show significant performance 
improvements after PSO tuning of t

P , G , c
f , B , 

p
N , and PRF: detection probability increases, 

false-alarm probability decreases, signal-to-noise 
ratio becomes better, range–doppler peak 
presents sharper and clearer improving of the 
discriminative capability from the target to clutter 
at the same false-alarm threshold with lower 
computational complexity and nearly real-time 
performance. 

   The current paper shows an approach of the 
fully adaptive and intelligent CR systems that 
never stops at learning its environment and 
adjusting its own detection skill which is achieved 
by automatically tuning up parameters. 
Furthermore, the foundation of the system is the 
PAC, the closed-loop mechanism that enables the 
radar to sense the environment, interpret received 
signal characteristics, and update internal settings 
accordingly, unlike traditional radar systems with 
static configurations. This CR adapts a set of 
fundamental parameters including: 

t
P , G , 

c
f , B , 

p
N , PRF, R , R , and detection threshold. These 

adjustments are not made arbitrarily but are based 
on real-time feedback about target behavior and 
environmental conditions such as noise, clutter, 
and interference, also for the detection 
mechanism, the radar uses the NP criterion, a 
statistical approach that ensures the system 
maintains a fixed, acceptable false alarm rate 
while maximizing the probability of detecting true 
targets, making it more reliable in uncertain and 
complex environments compared to conventional 
detectors like CFAR or MF, also a significant 
innovation in this work is the direct integration of 
PSO  into the radar's cognitive loop. The PSO 
algorithm emulates swarm intelligence to move 
efficiently within the N-dimensional space of 
parameters, by learning both as an individual and 
as a group to reach good parameters that yields 
better quality detection results. A multilevel 
evaluation to validate the performance of our 
adaptive system, added a dual-layer assessment 
framework has been inserted in the proposed 
mechanism: ROC curves are considered for 
measuring statistical detection reliability- also, R-
D printouts are applied to show target clearness & 
separation below therefor; both quantitative 
accuracy and visual interpretability will 
guaranteed by such two combined checking 
method Moreover, from signal TX/RX side to 
processing/ detection/ visualizing process 
expressed above is performed into an organized 
simulation study more specifically speaking that 
the whole algorithmic flow model indicates how 
PAC/NP based detection together with PSO 
optimized strategy logical combines. 
2 Theoretical Background 
2.1 Radar Background 
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   Radio Detection and Ranging, commonly known 
as RADAR, is a system that transmits and 
receives radio waves to gather information about 
a target, also the first true radar system was 
Christian Huelsmeyer’s 1904 invention, the 
Telemobiloscope, which could detect the 
presence of metal objects from a distance but was 
unable to determine their range, so this early radar 
design leveraged a fundamental property of all 
natural waves reflection, specifically, Huelsmeyer 
emitted an electromagnetic (EM) radio-frequency 
wave, which was not entirely absorbed by the 
metallic object. Instead, part of the wave was 
reflected back, allowing his receiver to detect it 
and confirm the presence of a target. 
   The radar equation establishes a relationship 
between a radar system's range and the 
characteristics of its transmitter, receiver, 
antenna, target, and surrounding environment. It 
is useful not only for calculating the maximum 
detectable distance between the radar and the 
target but also as a fundamental tool for 
understanding radar functionality and guiding 
radar system design (Richards et al., 2010). The 
received signal power is 

( )

2 2

3 4

4

t p

r

PG N
P

R L

 
=



    (1) 

where 
t

P  is the transmitted power, G  is the 

antenna gain,   is the wavelength,   is the radar 

cross-section (RCS) of the target, 
P

N  is the 

number of pulses, L  is the loss system, and R  is 
the target range. 
   The relationship between received power and 
target range, as derived from Eq. (1), is examined 
while keeping all parameters constant excluding 
target range. The received power decreases 
proportionally to the inverse of the fourth power of 
the target range, meaning that doubling the target 
range results in a 12 dB reduction in received 
power. By substituting R with the maximum 
achievable detection range 

max
R  and 

r
P  with the 

minimum detectable signal 
min

P , and reordering 

Eq. (1) to make target range the subject provides 
an indication of the maximum detection range that 
might be achieved by the system for a given target 
RCS (Aziz, 2019). 

( )

1

42 2

max 3

min
4

t p
PG N

R
P L

 


=     (2)

 

   All radar systems have some system noise, 
which will be the limiting factor for detection range 
and radar performance. The system noise power 
is defined as 

n F O
P KBN T=      (3)

 
where K is the Bolzmann's constant (

231.38 10−  

watt-sec/kelvin), B  is the receiver bandwidth, 
0

T  is 

the standard temperature (290 K), and 
F

N  is the 

receiver noise figure. 

   The noise figure is a unitless factor, and another 

way to define the receiver noise is the noise 

temperature 
0S

T T F= . By combining Eqs. (1) and 

(3), the SNR may then be defined as: 

( )

2 2

4

0

3

4

t pr

n
F

PG NP
SNR

P R KBN T L

 


= =    (4) 

   The Doppler effect is a key principle used to 

measure the relative velocity of a target. The 

frequency shift produced by the relative signal is 

given by: 

2
d

v
f


=

     
(5)

 

where 
d

f  is the Doppler frequency shift and v is 

the relative velocity of the target, this value allows 
radars to distinguish between stationary and 
moving objects. 
2.2 Cognitive Radar Principle 

   The PAC is essential to CR, comprising four 
functional blocks: Bayesian filtering for 
probabilistic estimation, feedback information to 
incorporate past data, dynamic programming for 
decision-making, and a state-space model 
representing the radar environment. This cycle 
accords the radar to perceive environmental 
stimuli, process information, and complete actions 
that influence the environment, thereby creating a 
continuous feedback loop that improves system 
permeance, as shown in Figure 1 (Greco et al., 
2016). 
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Figure 1: The perception-action cycle of a cognitive 
dynamic system. 

 
   Haykin introduced the concept of CR in 2006, 
emphasizing its ability to function as a dynamic 
closed-loop feedback system by connecting 
adaptive transmitters and receivers, drawing 
stimulus from echolocating bats. This framework 
proposed benefits for multifunction radars and 
noncoherent radar networks, demonstrated 
through Bayesian target tracking and adaptive 
light, but lacked a united cognitive system 
example and neglected neuropsychological 
formalism. Later, Haykin refined cognitive radar 
using Fuster’s theories on cognition, emphasizing 
the perception-action cycle, memory, attention, 
and intelligence, excluding language. A target-
tracking example highlighted improved accuracy, 
complete neural networks, and executive 
attention. Collaborating with Fuster, Haykin 
extended this framework, incorporating 
information reduction, reinforcement learning, and 
shunt cycles for top-down and bottom-up 
attention, though practical implementations 
continue untried for comparative effectiveness 
(Haykin, 2006). 
   The fundamental mathematical architecture of a 
cognitive sensor–processor system is depicted in 
Figure 2. The system comprises four principal 
components: the environment containing the 
target of interest, the sensor responsible for 
environmental observation, the processor that 
transforms acquired data into environmental state 
estimates, and the controller that determines 
subsequent operational actions for both sensor 
and processor. The controller represents the 
distinguishing element that converts a 
conventional feed-forward sensor–processor 
architecture into a cognitive system through 
adaptive feedback mechanisms (Bell et al., 

2015b). 
   As depicted in Figure 2, let thK  represent the 
time step, where 

K
S  is the received signal, 

K
Z  

denotes the measurements detected by the 
detector, 

K
X is the target state estimated by the 

tracker, and 
K

  represents the prior knowledge 

and parameters of control from the cognitive 
controller. Within this architecture, the perception 
unit comprises a detector and a tracker operating 
in tandem. At each time step, the detector 
processes signals received from the sensor 
according to control parameters provided by the 
cognitive controller, performing target detection 
based on available prior knowledge. 
Subsequently, the tracker estimates the current 
target state from the detector measurements and 
predicts the target state for the subsequent time 
step. The cognitive controller refines the prior 
knowledge through iterative learning and directs 
the sensor to interrogate the operational scene, 
thereby closing the perception–action loop. 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2: Cognitive radar framework. 

2.3 Target Detector Algorithms 

   Target detection is a key function of CR. A target 

detector identifies whether the detected signal is 

an echo reflected from a target or merely a result 

of noise. 

   The NP detector is a statistical method working 
for hypothesis testing, particularly beneficial in 
target detection for CR, so this detector works by 
defining two hypotheses: 

0
H  (null hypothesis, no 

target present) and 
1

H  (alternative hypothesis, 

target present), also the NP test is designed to 
maximize the probability of detection (

D
P ) while 

The 

environment 

Observables 

(measurements) 
Control signals 

(stimuli) 

Feedback 

 information Action to 

illuminate the 

environment 

Perception 

of the 

environment 

Perceptor Actuator 
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controlling the probability of false alarm (
FA

P ) by 

adjusting a detection threshold. The NP principle 
involves finding the threshold that optimizes 
detection under a given constraint on 

FA
P . The 

decision rule is expressed as (Ma et al., 2019): 

( )
( )

( )
1

0

1

0

|

|

H

H

f x H
x

f x H
 = ¤    

 (6) 

( )

2
1

2
1

1
|

2

x

f x H e





 

− − 
 
 =    

 (7)
 

( )

2
1

2
0

1
|

2

x

f x H e 

 

−  
 
 =    

 (8)
 

where ( )x  is the likelihood ratio, ( )1
|f x H  and 

( )0
|f x H  are the probability density functions (PDF) 

under the presence and absence of the target, 

respectively,  is the detection threshold,   is the 

variance, and  is the mean value. 

   Cognitive Radar systems use the NP detector 

for real-time target detection by optimizing the 

decision rule to adapt to the dynamic 

environments and signal characteristics, thus 

improving detection accuracy, so the NP 

detector's performance metrics (Briones et al., 

2017): 

( )1|DP f x H dx




=      (9)
 

( )0|FAP f x H dx




=      (10)
 

   Constant False Alarm Rate detectors are 

commonly used in radar systems to maintain a 

fixed false alarm rate by dynamically adjusting the 

detection threshold based on estimated noise 

power, also NP detector, which requires prior 

noise estimation, CFAR measures noise in real 

time especially in the local area around the cell 

under test to account for varying clutter, and it 

does this by analyzing the power in surrounding 

bins and adjusting the threshold, often around 10 

dB above the noise level, to match the desired 

false alarm rate (Sabahi et al., 2008). For a sliding 

window technique: 

T Z =       (11)
 

where T is the scaling factor derived from the 

desired 
FA

P , Z is the estimate of the noise power in 

the reference window. The performance metrics 

are: 

( )2

1
|

D
P P y H=      (12)

 

( )2

0
|

FA
P P y H=      (13)

 

   The decision rule is: 
2

y  , decide 
1

H ; 

otherwise, decide 
0

H . 

   In this section, a derivation is provided for the 

PDFs of the MF test statistic under both 

hypotheses, 
0

H  and 
1

H . An expression is derived 

for the 
DP  in terms of the 

FAP , the output SNR of 

the MF, and this look is used to create DP  versus 

SNR plots for various 
FAP . The MF maximizes the 

SNR in the presence of additive white Gaussian 

noise (AWGN) (Aziz et al., 2024). Detection 

Statistic: 

( )
2

1

0

2

H

H

Hh x
T x


= ¤     (14)

 

where h is the known signal template, x is the 

received signal, and 2  is the noise variance. 

Performance Metrics: 

( )( )1 1 SNR

D FAP Q Q P SNR e− −= − = −     (15) 

( )FAP Q e  −= =      (16)
 

where ( )Q x  is the complementary error function. 

   Each detector has unique characteristics: the 

NP detector achieves optimal performance for a 

specified FAP , ensuring maximum DP  for a given 

constraint on FAP . The CFAR detector dynamically 

adjusts its threshold to maintain a constant FAP , 

making it well-suited for environments with varying 

noise levels. The MF detector achieves optimal 

detection performance in AWGN but necessitates 

prior knowledge of the target signature to enhance 

the SNR. 

   Cognitive Radar dynamically modifies its 

parameters to enhance performance in 

accordance with environmental feedback and 

system objectives. The objective is not simply to 

perform target detection, tracking and 

classification but also to incorporate the 
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information one knows about the environment and 

knowhow of the radar's own limitations. Radar 

parameters for its best performance Tweaking the 

radar parameters (transmit power, carrier 

frequency, bandwidth and gain) such that 

probability of target detection is increased and 

requirement to achieve the false alarm rate in a 

specified range. (CR is functioning in a PAC] 

where the radar itself can feel the environment, 

that automatically processes such feedback and 

adjusts its transmitting and processing schedule. 

This iteration permits time dependent optimization 

of radar parameters, and is suitable for dynamic 

scenes (Haykin, 2006). 

   The G  controller optimization scheme is based 

on cognitive radar optimization framework 

developed in (Bell et al., 2015b). The optimization 

is done at every detection update and consists of 

the following steps (Oechslin et al., 2018): 

( ), , , , ,k t c PP G f B PRF N =    (17)
 

   The tP  directly affects the radar's SNR at the 

receiver as shown in Eq. (4), which in turn impacts 

the probability of target detection. Increasing the 

transmit power improves the detection probability, 

but it too leads to increased energy consumption 

and potential interference with other systems. The 

relationship between transmit power and 

detection probability can be expressed as: 

( ) 1 SNR

D tP P e−= −     (18)
 

   The G  plays a central role in focusing the radar 

energy in a particular direction, which increases 

the effective SNR. Higher gain progresses the 

radar’s detection capability by increasing the 

received signal strength. The detection probability 

can be related to antenna gain through its effect 

on SNR, given by Eq. (4). The c
f  affects 

wavelength ( )  and determines the radar's 

resolution and range. Higher frequencies improve 

resolution but ache from greater atmospheric 

attenuation. The relation between frequency and 

resolution ( )R is (Nasret, 2023): 

2

c
R

B
 =      (19)

 

where c  is the speed of light. CR systems adapt 

c
f based on environmental conditions and target 

characteristics to optimize detection performance. 

The B determines the radar's range resolution and 

the ability to discriminate between closely spaced 

targets. The range resolution is inversely 

proportional to the bandwidth in Eq. (19). A 

widespread bandwidth improves resolution but 

requires more power and a higher SNR. The 

optimization principle includes balancing 

bandwidth to achieve high 
DP  without increasing 

FAP . The PRF affects the radar's maximum 

unambiguous range 
max( )R  and velocity 

measurement (Richards et al., 2010). 

max
2

c
R

PRF
=   

  
(20)

 

   A high PRF reduces 
maxR  but improves the 

radar's Doppler resolution, serious for detecting 

fast-moving targets. CR optimizes PRF 

dynamically to balance these trade-offs, also the 

objective function in CR parameter optimization is 

formulated to increase target detection 

performance, so this is often modeled using the 

DP , which depends on factors such as SNR, RCS, 

and radar parameters, also the NP criterion is 

usually used to maximize DP  while maintaining a 

predefined false alarm rate FAP , so the 

optimization objective function ( J ) is: 

D FAJ P P SNR  = − −    (21)
 

( ) ( )
( )

2 2

3
4

0

1

4

t pSNR

F

PG N
J e e

R KBN T L


 

  



− −

 
 = − − −
 
 

 (22)
 

where  ,  , and   are weights that determine 

the importance of each term in the optimization 

problem, also the objective function maximizes DP , 

minimizes FAP , and minimizes SNR, which directly 

affects system performance (Kang et al., 2023), 

also the optimization problem is to maximize the 

objective function J , which depends on various 

radar parameters, environmental conditions, and 

target characteristics, formally, this is written as: 

( )
( )

( ) ( )
( )

, , , , , , ,

2 2

3
4

0

max , , , , , , ,

1

4

− −

=

 
 − − −
 
 

t c P
P G f B PRF RCS R Nt P

t pSNR

F

J P G f B PRF RCS R N

PG N
e e

R KBN T L


 

  



  
(23)

 

Subject to the constraints: max0 tP P  , 
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min maxG G G  , min maxB B B  , min max cf f f ,

max1 PRF PRF   max0.1 RCS RCS  , min maxR R R  and 

max1 P PN N   
   The goal is to optimize the radar parameters for 

real-time target detection in a cognitive radar 

system, considering environmental noise and 

target properties. 

2.4 PSO Background 

   Particle swarm optimization is a population-

based, nature-inspired metaheuristic in which a 

swarm of particles explores the search space by 

exchanging information about promising solutions. 

The algorithm balances exploration through inertia 

with exploitation through attraction to each 

particle's personal best position and the swarm's 

global best position, enabling effective search on 

noisy, nonconvex, and derivative-free problems 

with minimal hyperparameter requirements and 

straightforward constraint handling via bounds or 

penalty functions.  Particles possess velocities 

that regulate movement and represent potential 

solutions as position vectors. They update these 

using stochastic terms that preserve diversity.  

The trade-off between convergence speed and 

stability is influenced by design decisions such as 

neighborhood topologies, velocity clamping, 

constriction factors, and inertia weight schedules.  

Simple implementation, cheap processing cost 

per iteration, robustness to multimodal 

landscapes, and natural suitability for continuous 

variables are some of PSO's benefits. Common 

limitations such as premature convergence and 

stagnation are mitigated through parameter tuning, 

randomization, restart strategies, or hybridization 

with local search methods  (Shaikh and Yadav, 

2022). 

   The PSO algorithm optimizes an objective 

function by updating the velocity and position of 

each particle within the search space. The velocity 

update equation is described by (Kennedy and 

Eberhart, 1995, Abduljabbar et al., 2022) as follow: 
( ) ( ) ( )( ) ( )( )1

1 1 2 2

t t t ti

i i best i best ii
v wv c r p x c r g x

+
= + − − −

 (24) 

where  ( ) ( ) ( )
1 2=

= =t * * k

best i i ii
k , ,....t

p x | J x J x ,min   (25)  

( ) ( ) ( )
1 2

t t t k

best * * i

k , ,....t

g x | J x J xmin
=

= = , where  i 1,2,...,N  

      (26) 

where ( )1t

i
v

+  denotes the updated velocity of 

particle i at iteration ( )1t + , w  is the inertia weight 

that controls the balance between exploration and 

exploitation, 𝑐1 and 𝑐2 are acceleration 

coefficients representing cognitive and social 

learning factors respectively
1

r and 
2

r are uniformly 

distributed random variables in the interval [0,1], 
t

besti
p denotes the personal best position of particle 

i , t

best
g  represents the global best position 

discovered by the swarm, ( )J  is the objective 

function to be maximized, 𝑁 is the total number of 

particles in the swarm, and ( )t
i

x  denotes the current 

position of particle i at iteration 𝑡. The position of 

each particle is subsequently highlighted by 

(Kennedy and Eberhart, 1995, Nahro Kamal et al., 

2024) which updated as follow: 
( ) ( ) ( )1 1t t t

i i i
x x v

+ +
= +    (27)

 

   The particles are directed by these equations 

towards the best radar parameter setups for 

improved target detection capabilities. 

   The PSO algorithm for radar parameter 
optimization proceeds according to the steps 
outlined in Algorithm 1: the swarm positions and 
velocities are initialized within predefined bounds, 
the fitness function is evaluated for each particle, 
and both the personal best position of each 
particle and the global best position of the swarm 
are established (Gad, 2022). 
 

Algorithm 1: PSO pseudocode 

Input: 
N - Swarm size 
D -Problem dimensionality 
T -Maximum number of iterations 
LB -Lower bound of the search space 
UB -Upper bound of the search space 

Output: 
t

bestg - Optimal radar parameter configuration 

1: Start 
2: Initialize the swarm randomly; 

3: for 1i = to N do Iterate through the swarm 

4: 
0

iv  a random vector within  ,  
D

LB UB ;Initialize 

particles’ velocity using a uniform distribution       
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5:
0

ix  a random vector within  ,  
D

LB UB ;Initialize 

particles’ positions using a uniform distribution 

6: 0 0

best ii
p x  ; Initialize 

bestp  to its initial position 

7: end for 

8: Apply Eq. (26) to find 
0

bestg  ; Initialize bestg   to position 

9: 1t  ; 

10: while t T do 

11: for 1i = to N do Iterate through the swarm 

12: 
1 2
,r r   two independent vectors randomly generated 

from [0, 1] 
13: Apply Eq. (3); Update particle’s velocity 
14: Apply Eq. (4); Update particle’s position 

15: if ( )1t t

i besti
J( x ) J p −  then If new solution is better than 

current personal best 

16: ( ) ( )t t

best ii
J p J x  ; Update the best-known position 

of the particle 
17: end if 
18: end for 

19: Apply Eq. (26) to find bestg ;  Update the swarm’s 

overall best-known position 

20 1t t + ; 

21: end while (Maximum iteration number is reached or 
termination criterion is satisfied) 
22: End 

   PSO acts as the online optimizer in the CR loop, 

testing and selecting better settings for tP , 
c

f , B , 

G , PRF, and PN , and the NP threshold each burst 

using a single fitness from receiver outputs ( DP , 

FAP , SNR, ROC clarity, range-doppler separation), 

so particles move toward parameters that 

separate targets from clutter at the same 

false-alarm level; the direct effects on CR target 

detection and overall performance are faster 

adaptation to scene changes, higher DP at fixed 

FAP through better SNR-threshold pairing, cleaner 

and more stable R-D maps for confirmation, and 

less manual retuning, all achieved with 

low-to-medium compute that supports frequent 

updates without heavy offline re-optimization. 

   Particle swarm optimization is the best choice 
for this study because it is simple to set up, fast to 
reach good answers, and naturally fits continuous 
tuning of radar knobs like power, gain, bandwidth, 
PRF, and threshold; in practice it quickly raises DP , 

lowers FAP , improves SNR, and makes ROC and 

R-D maps clearer in real time with low-to-medium 
compute, and it can run offline for parameter 

search or online for quick updates; Genetic 
Algorithm (GA) uses selection, crossover, and 
mutation, and works well for discrete choices and 
scheduling, but it often converges slower on many 
continuous knobs, is better as an offline planner, 
and may need more evaluations to match PSO’s 
speed; Reinforcement Learning (RL) learns a 
direct rule from radar state to action, giving instant 
decisions at run time and strong adaptation to 
changing scenes, so it is powerful online after 
training, but it needs large data, careful reward 
design, and heavier offline training and validation 
to avoid unstable behavior; therefore, for a 
Neyman-Pearson based target-detection study 
that evaluates ROC and R-D maps and must 
optimize continuous parameters with low 
complexity, PSO is the most practical and reliable 
now, GA is a good backup for discrete/offline 
design spaces, and RL is best reserved for later 
phases when there is enough data and compute 
to train robust policies for online adaptation. 
3 The Proposed CR Framework Radar 
Parameter Optimization and Target 
Detection 
   The cognitive radar framework for parameter 
optimization and target detection is illustrated in 
Figure 3, which depicts the complete perception-
action cycle encompassing transmission, 
environmental interaction, reception, learning, 
and parameter selection. The framework consists 
of five primary components: Transmitter, 
Environment, Receiver, Learning Environment 
(PSO), and Parameter Selection. 
   The transmitter generates a radar signal 

configured with the current parameter set, 

including transmit power, carrier frequency, 

bandwidth, antenna gain, number of pulses, and 

PRF. These parameters constitute the adjustable 

control variables that the system optimizes to 

enhance detection performance. The transmitted 

signal propagates through the environment, which 

contains the target of interest along with 

interference sources and background noise. The 

target echo undergoes attenuation and becomes 

corrupted by clutter and additive noise during 

propagation, presenting the fundamental 

challenge for reliable detection.  

   The receiver captures the returned echo signal 
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combined with noise, denoted as 𝑟(𝑡) = 𝑠(𝑡) +
𝑛(𝑡) , where 𝑠(𝑡)represents the target echo and 

𝑛(𝑡) represents the noise component. Standard 

signal processing operations, including matched 

filtering and range-doppler processing, extract 

relevant features that are subsequently evaluated 

by a Neyman-Pearson detector. This detector 

makes binary target/no-target decisions at a 

predetermined false-alarm probability while 

monitoring signal-to-noise ratio and detection 

performance metrics under the current parameter 

configuration.  

   The measured performance metrics and current 

parameter values are forwarded to the learning 

environment, where PSO operates as the 

optimization engine. Each particle represents a 

candidate parameter configuration, and through 

iterative velocity and position updates, the swarm 

explores the parameter space to identify 

configurations that maximize detection probability 

DP , minimize false-alarm probability FAP , and 

improve SNR while maintaining the NP decision 

criterion for the given operational scenario. Upon 

convergence, the parameter selection module 

adopts the optimal configuration and transmits it 

to the transmitter for the subsequent observation 

interval, thereby closing the cognitive loop. This 

iterative process enables continuous adaptation to 

dynamic environmental conditions, including time-

varying noise, clutter, and interference, ensuring 

robust detection performance (Yao et al., 2018). 

   The primary contribution is integrating PSO 

within the cognitive loop to jointly optimize 

continuous radar parameters in real time under a 

Neyman-Pearson detector, linking statistical 

reliability 
DP /

FAP  with visual separability in range-

doppler maps through a practical controller with 

low complexity and structured workflow. Unlike 

fixed settings, manual retuning, or computationally 

intensive offline search methods, the proposed 

design employs PSO velocity-position updates to 

automatically adjust transmit power, carrier 

frequency, bandwidth, antenna gain, PRF, 

number of pulses, and detection threshold as 

environmental conditions evolve, enabling the 

radar to maintain a specified false-alarm level 

while maximizing 
DP  and effective SNR, with all 

decisions consistent with the Neyman-Pearson 

criterion and validated by ROC curves and range-

doppler outputs within the same loop. This joint, 

real-time optimization streamlines engineering 

trade-offs across multiple continuous parameters, 

mitigates overfitting to specific conditions, and 

provides a reproducible, structured algorithm with 

sufficient computational efficiency for near-real-

time or iterative updates, offering a practical 

approach to adaptive detection improvements 

without requiring complex training pipelines or 

discrete-only optimization solvers. 

 

 

 

 

 

 

 

 

 

 
 
 
Figure 3: The process CR Framework for Radar Parameter 
Optimization. 

 
   The proposed flowchart, illustrated in Figure 4, 
details the full cycle of how the CR system 
performs intelligent target detection and self-
optimization using PSO, after starting, the system 
initializes all radar parameters, such as transmit 
power, frequency, bandwidth, antenna gain, 
number of pulses, and PRF, also it sets 
environmental variables like noise and clutter, and 
target-specific data including RCS, range, angle, 
and velocity so these inputs are crucial for 
simulating realistic radar operation. 
   Next, the radar transmits a signal and receives 
the reflected echo, which is then processed using 
the NP detector, also the detector classifies the 
signal as either “target present” or “no target” and 
calculates two key performance metrics: 
probability of detection and probability of false 
alarm based on Eqs. (9) and (10). Additionally, the 
radar computes the target range from Eq. (2) and 
SNR from Eq. (4). With these values, the system 
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generates ROC curves to assess the quality of 
detection. 
   If the Pd is under the desired threshold, the 
system enters PSO optimization loop. At this 
stage in the proposed flowchart, system defines 
an objective function that aims to maximize 

DP  

and SNR while minimizing 
FAP  (as described in Eq. 

(23)). A population of particles is initialized, where 
each particle encodes a candidate radar 
parameter configuration. The particles explore the 
parameter space by iteratively updating their 
velocity and position according to their personal 
best solution and the swarm's global best solution, 
following Eqs. (24) and (27). This process repeats 
until some convergence criterion is achieved, or 
the maximum number of iterations is exceeded. 
   When the best parameters are found, is out from 
PSO loop and detects again using those settings. 
Its re-plots the ROC curves to show improvements 
in detection probability and reduction in false 
alarms. Finally, the system selects the best 
parameter set the one that produces the most 
favorable ROC curve and saves it for real-time 
radar operation. Through this looped structure, the 
proposed flowchart enables the radar to learn 
from the environment and continuously optimize 
itself, ensuring highly accurate and adaptive 
performance in dynamic, noisy, and cluttered 
conditions. 
 
 

 
 

Figure 4: Flowchart of Target Detection for CR. 
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The basic algorithm steps of CR target detection 
and optimization radar parameters for the CR 
framework is summarized as follows in algorithm 
2. 
 

Algorithm 2: The procedure for CR target detection with 
PSO-based optimization  

1. Initialize: 

   - Define radar constants: ( ), , , ,K T L c  

   - Set initial radar parameters: ( ), , , , ,N
t c P
P G f B PRF  

   - Define target/environment parameters: RCS, R , 

clutter, noise power 

   - Set PSO configuration: Swarm size N, Inertia Weight

( )w , Acceleration coefficients ( 1 2
,c c ), Random number 

( )1 2
,r r ,and Maximum Iterations 

   - Set detection targets: SNR range, 
DP _threshold, 

FAP _limit 

2. Signal Simulation: 

   FOR each detection cycle: 

       a. Generate transmit waveform ( )S t  with current 

parameters ( ), , , , ,N
t c P
P G f B PRF  

       b. Simulate environment interaction: apply path 

loss, add clutter, noise 

       c. Receive signal ( )R t at radar 

3. Signal Processing: 

   - Apply Matched Filtering 

   - Perform Doppler and range processing 

   - Estimate SNR from received signal (use Eq. (4)) 

4. NP-Based Detection Decision: 

   - Compute detection threshold  for target FAP  

   - Calculate DP using Q-function (Eq. (9)) 

   - Calculate actual FAP  from Eq. (10) 

5. Evaluate Detection Performance: 

   IF ( DP  ≥ DP _threshold and  FAP  ≤ FAP _limit) THEN 

       Store current parameters as optimal 

       GOTO Step 7  

   ELSE 

       GOTO Step 6 

6. Optimization via PSO: 

   a. Define Maximum objective function: 

        * * *D FAJ P P SNR  = − −  

   b. Initialize particles with random radar parameter sets 

   c. FOR each iteration DO 

        i.   FOR each particle i  DO 

             - Evaluate fitness iJ  using NP detection model 

             - Update personal best 
t

besti
p  and global best 

bestg  

             - Update velocity: (use Eq. (24)) 

             - Update position: (use Eq. (27)) 

        ii.  Check convergence or max iterations 

   d. Set radar parameters to 
bestg  

7. ROC Curve Plotting: 

   - Generate 
DP  vs 

FAP  at various SNR and various 

parameters 

   - Plot before and after PSO optimization 

   - Highlight optimal operating point (max 
DP , min 

FAP ) 

8. Select Best Parameters: 

   - Save optimized ( ), , , , ,N
t c P
P G f B PRF  set 

   - Store corresponding  
DP , 

FAP , SNR values 

   - Exit or continue adaptive loop if environment 

changes 

END 

 
4 Simulation and Result 

   The framework for the simulation study of the 
proposed CR target detection system is set up 
under MATLAB, and the parameter values are 
assigned as presented in Table 1, Table 2, Table 
3, and Table 4. The Table 1 provides values for 
the radar transmitter in terms of transmit power, 
frequency antenna gain, bandwidth pulse 
repetition rate and number of pulses that are 
important to characterizing the power level, 
resolution and coverage of the radar signal 
strength. Environmental and target specific input 
parameters such as RCS, target range, input 
noise power, atmospheric losses, clutter loss, 
which affect the signal depression and 
background interference are available in Table 2. 
Table 3 shows the PSO parameter settings such 
as population size, iteration times, inertia weight 
and acceleration coefficients which control the 
convergence characteristics of the swarm to 
optimal parameters. Table 4 outlines the 
performance metrics: SNR, DP , and FAP , which are 

used to evaluate the radar’s effectiveness. 
   The simulation framework begins by initializing 
these inputs and generating radar signals based 
on the current parameters. Using the NP detector, 
the system evaluates whether a target is present, 
calculates DP  and FAP , and estimates SNR using 

received signal characteristics. If performance is 
not sufficient (i.e., no targets have been detected), 
the PSO optimization loop is entered, each 
particle in the swarm corresponding to a radar set 
of parameters. These particles search the solution 
space by moving their position and velocity using 
Eqs (24 and 27) considering individual and global 
best performances. This procedure continues until 
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the specified convergence criteria are satisfied. 
The system reappraises detection performance 
following optimization. ROC curves are then 
drawn from the relations and, illustrating both 
statistical advantages as well as visually 
identifying a target range and velocity that show 
sharper, more distinct targets. Taken together, the 
ROC and R-D results confirm that PSO 
incorporated into CR can indeed significantly 
improve detection performance, decrease false 
alarm rate and become more adaptable to 
complex operational environment in real time as 
well. 
Table 1: Radar transmitter parameters. 

Parameter Symbol 
Typical 

Value 
Unit Description 

Transmitted 

Power 
tP  50 – 1000 W 

Power of the 

transmitted 

signal 

Carrier 

Frequency 
cf  1 – 10 GHz 

Operational 

frequency of 

the radar 

Antenna 

Gain 
G 20 – 40 dB 

Antenna gain 

in the 

transmission 

and reception 

stage 

Bandwidth B 1 – 500 MHz 

Signal 

bandwidth 

affecting 

resolution 

Pulse 

Repetition 

Frequency 

PRF 1 – 100 kHz 

Determines the 

number of 

pulses per 

second 

Number of 

pulses  
PN  1 – 100 - 

Number of 

radar pulses 

used per 

detection cycle 

Table 2: Target and environmental parameters. 

Parameter Symbol 
Typical 

Value 
Unit Description 

Radar Cross 

Section 
RCS 0.1 – 5 m2 

Represents 

target size 

and reflectivity 

Target Range R 1 – 100 Km 
Distance from 

radar to target 

Noise Power ON
 

2010−

 W/Hz 

Power of 

background 

noise 

Atmospheric 

Loss aL
 0 – 10 dB 

Attenuation 

due to 

atmospheric 

effects 

Clutter Loss cL
 0 – 20 dB 

Reduction in 

signal 

strength due 

to clutter 

 

Table 3: Optimization parameters (PSO 
algorithm). 
 

Parameter 
Typical 
Value 

Description 

Population Size 20 – 100 Number of particles in PSO 

Maximum 

Iterations 
100 – 1000 

Number of iterations for 

convergence 

Inertia Weight
( )w

 0.4 – 0.9 
Controls exploration and 

exploitation 

Acceleration 

coefficients ( 1 2
,c c

) 
1.5 – 2.5 

Particle’s own experience 

influence 

Random number 

( )1 2
,r r

 
1.5 – 2.5 

Influence of neighboring 

particles 

Convergence 

Tolerance 
610−

 
Defines stopping criteria for 

optimization 

 

Table 4: Performance evaluation parameters. 
 

Parameter Symbol 
Typical 

Value 
Unit Description 

Signal-to-

Noise Ratio 
SNR 1 – 30 dB 

Ratio of signal 

power to 

noise power 

Probability 

of Detection 
DP

 
0.1 – 

0.99 
- 

Probability of 

correctly 

detecting a 

target 

Probability 

of False 

Alarm 
FAP

 
2 1110 10− −−  - 

Probability of 

incorrectly 

detecting a 

non-existent 

target 

ROC Curve 

Levels 
ROC Various - 

Used for 

plotting 

detection 

performance 

   Variations in radar system parameters, 
environmental conditions, and target 
characteristics have a direct impact on the 
probability of detection in cognitive radar, as 
illustrated in Figure 5. Key inputs such tP , G , B , 

cf , R , RCS and PN significantly affect the SNR 

and received power, as governed by Eqs. (1), (2), 
and (4). For instance, increasing tP  or G  

enhances the received signal strength, while 
larger target distances or higher noise levels 
reduce detection capability. These influences 
highlight the importance of real-time parameter 
adaptation using PSO, which guided by Eqs. (23), 
(24), and (27) helps maximize SNR and minimize 
false alarms, thus improving detection 
performance. Furthermore, as shown in Figure 6, 
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a comparative analysis of three detection 
algorithms: NP, CFAR, and MF through ROC 
curves at various SNR levels reveals that the NP 
detector consistently achieves the highest 
probability of detection for a fixed false alarm rate. 
This superior performance stems from its decision 
strategy defined in Eqs. (6) to (10). In comparison, 
CFAR adjusts thresholds based on estimated 
noise levels (Eq. 11), providing adaptability with 
slightly reduced accuracy, while MF detection, 
although effective in white Gaussian noise 
scenarios as per Eqs. (14) to (16), depends on 
prior knowledge of signal templates. These results 
confirm that NP is the most effective and robust 
detector for cognitive radar systems, particularly in 
dynamic and noisy environments. 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5: Effects parameter values (radar parameters, 
environment and target) on the CR target detection. 
 

 
 
 
 
 
 
 
 
 
 
 
 
Figure 6: ROC Curve compare three target detectors 
algorithms (NP, CFAR, and MF) at different values of SNR. 

 Figure 7(a–i) illustrates the effect of varying key 
input parameters representing radar system 
settings (such as transmit power, gain, bandwidth, 
frequency, number of pulses), environmental 
conditions (like range and noise), and target 

characteristics (such as RCS) on the main output 
performance metrics of the proposed cognitive 
radar system, namely the probability of detection 
and the probability of false alarm, both before and 
after applying PSO optimization. In Figure 7(a), 
increasing the input SNR, which depends on 
factors like transmitted power and noise level, 
strengthens the signal quality, resulting in 

DP  

improving from 85.67% to 95.60% and 
FAP  

decreasing from 3.25% to 1.25%. Figure 7(b) 
shows that optimizing the input transmit power 
boosts 

DP  from 82.35% to 94.10% and lowers 
FAP  

from 4.10% to 1.50%, enhancing signal return 
strength. Figure 7(c), with antenna gain as input, 
demonstrates how better energy focusing 
improves DP  from 77.00% to 88.45% and reduces 

FAP  from 5.75% to 2.75%. In Figure 7(d), varying 

the target's RCS (an input from the target side) 
leads to 

DP  increasing from 76.20% to 90.50% 

and 
FAP  decreasing from 6.00% to 2.20%. Figure 

7(e) evaluates target range, where greater 
distances typically weaken detection; PSO 
compensates by optimizing signal parameters, 
raising DP  from 70.80% to 86.60% and lowering 

FAP  from 7.80% to 3.10%. Figure 7(f) shows 

operating frequency as input, where PSO 
balances resolution and attenuation, improving DP  

from 79.50% to 91.80% and reducing FAP  from 

5.00% to 2.00%. In Figure 7(g), increasing the 
number of pulses improves signal averaging, 
raising DP  from 81.25% to 92.75% and 

decreasing FAP  from 4.50% to 1.80%. Figure 7(h) 

uses bandwidth as input, enhancing range 
resolution and pushing DP  from 74.60% to 

89.30%, with Pfa reduced from 6.40% to 2.30%. 
Finally, Figure 7(i) varies the false alarm 
probability itself to examine threshold sensitivity; 
PSO tunes the detection rule to increase DP  from 

68.40% to 84.10% and decrease FAP  from 8.50% 

to 3.90%, these results are summarized in Table 
5. Overall, PSO improved DP  by approximately 

10%–20% and reduced FAP  by 2%–5% across all 

cases. 
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Figure 7: ROC Curve at different values of  radar 
Parameters ( )t c P

P G f B N, , , ,  , environment and target 

( ),RCS R  :(a) SNR, (b) t
P  , (c) Gain, (d)RCS, (e) Range, (f) 

Frequency, (g) 
P

N , (h) Bandwidth, and (i) FA
P . 

Table 5: Summarize probability of detection and 
false alarm for different scenarios on ROC  
 

Parameter 
D
P

 (Before 
→ After) 

FA
P

 
(Before → 

After) 

Optimal Value 
After PSO 

SNR 
85.67% → 

95.60% 
3.25% → 

1.25% 
16.99 dB 

Transmit 
Power 

82.35% → 
94.10% 

4.10% → 
1.50% 

980 W 

Antenna Gain 
77.00% → 

88.45% 
5.75% → 

2.75% 
30 dB 

Radar Cross 
Section 

76.20% → 
90.50% 

6.00% → 
2.20% 

4.2 m² 

Target Range 
70.80% → 

86.60% 
7.80% → 

3.10% 
20 km 

Frequency 
79.50% → 

91.80% 
5.00% → 

2.00% 
9.5 GHz 

Number of 
Pulses 

81.25% → 
92.75% 

4.50% → 
1.80% 

90 

Bandwidth 
74.60% → 

89.30% 
6.40% → 

2.30% 
350 MHz 

False Alarm 
Level 

68.40% → 
84.10% 

8.50% → 
3.90% 

10⁻⁴ 
(threshold) 

 
   The range-doppler map is a critical output that 
shows where a target is located and how fast it is 
moving by mapping signal reflections in both 
range and velocity dimensions. It helps radar 
operators visually detect and interpret the 
presence of targets, especially in cluttered or 
noisy environments. As shown in Figure 8(a), 
when the PRF is poorly set, the doppler resolution 
becomes low, causing the target’s motion to 
appear blurred or overlapped with background 
noise. After applying PSO, the algorithm 
intelligently searches the parameter space and 
finds the optimal PRF value that enhances 
doppler resolution, making the target sharper and 
more distinguishable, as supported by Eq. (20). In 
Figure 8(b), using a low number of pulses leads to 
weak signal averaging, which causes the target to 
either appear faint or not be visible at all. PSO 
adjusts the number of pulses to its optimal value 
by evaluating detection performance at each step; 
this boosts the SNR, resulting in a much clearer 
target in the R-D map, in accordance with Eq. (4). 
In Figure 8(c), a low RCS causes minimal signal 
reflection from the target, making it hard to detect. 
PSO identifies the optimal setting (or combination 
of related parameters such as frequency and 
power) that increases the effective received 
power, based on Eq. (1), which makes the target 
appear brighter and more noticeable. Figure 8(d) 
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shows that when doppler shift is too small or 
incorrectly handled, the radar cannot properly 
identify target motion, leading to uncertainty in 
speed measurement. PSO optimally tunes 
frequency and PRF to enhance the radar’s 
sensitivity to target velocity, following Eq. (5), thus 
restoring motion clarity. In Figure 8(e), range 
resolution is poor due to limited bandwidth, 
resulting in blurred or overlapping targets in the 
range axis. PSO explores bandwidth settings and 
selects the optimal value that sharpens range 
resolution, as defined in Eq. (19), enabling clearer 
separation of targets. In all these cases, PSO 
does not randomly adjust parameters it uses a 
swarm of candidate solutions to evaluate radar 
performance metrics like SNR, probability of 
detection, and R-D clarity in real time. It then 
guides the swarm toward parameter combinations 
that produce the clearest, strongest target 
appearance, effectively improving both detection 
accuracy and visual quality of the R-D map. These 
improvements are summarized in the Table 6, 

showing how each parameter negatively affects 
detection before PSO and how the optimization 
process significantly enhances clarity and visibility 
after tuning. 
 
Table 6. Impact of PSO optimization on R-D Map 
clarity across key radar parameters. 
 

Parameter Effect Before PSO Effect After PSO 

PRF 
Target appears smeared; 
poor doppler resolution 

Target becomes 
sharper with clear 
doppler separation 

PN
 

Target is weak or missed 
due to low signal 
averaging 

Target becomes 
stronger and more 
visible 

RCS 
Reflected signal is faint; 
target looks dim 

Target becomes 
brighter and more 
distinct 

df
 

Target motion unclear; 
difficult to estimate speed 

Target motion is 
accurately shown; 
speed clearly 
detected 

R  
Target edges are blurred 
or merged with clutter 

Target becomes 
sharp and clearly 
separated in range 
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Figure 8: R-D map for SNR =15 dB at different value: (a) PRF, (b) number of pulses NP, (c) RCS, (d) doppler shift ƒd, and 
(e) Range resolution ∆R. 

    
   The results in Fig 7 and 8 clearly show how the 
proposed cognitive radar system improves after 
applying PSO. Figure 7 presents ROC curves that 
measure detection performance across different 
parameters. Before PSO, the radar has moderate 
detection accuracy and more false alarms. After 
PSO, key parameters like SNR, power, gain, and 
frequency are optimized, increasing the detection 

probability by 10–20% and reducing false alarms 
by 2–5%. Figure 8 uses R-D maps to show how 
targets appear in range and velocity. Without PSO, 
targets are weak, blurred, or hidden in noise. With 
PSO, the radar adjusts parameters such as PRF, 
number of pulses, and bandwidth, making targets 
clearer, brighter, and more separated. The 
proposed system is unique because it combines 
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ROC and R-D analysis for performance checking 
and uses the PAC for learning. The main novelty 
is the real-time integration of PSO into the radar’s 
feedback loop, which allows automatic, smart 
adjustment of all radar settings, so this makes the 
radar highly adaptive and effective in changing 
environments. 

   Table 7 compares this work with representative 
prior studies, emphasizing the integrated CR-PSO 
controller, NP-driven adaptation, and the resulting 
gains in DP , lower FAP , and sharper R-D 

separation across matched operating points. 

 
Table 7: Comparative results with prior studies. 
 

Article 
Published 

Year 

Methodology / 
Framework 

Adaptation Technique 
Detection 
Algorithm 

Evaluation 
Metrics 

Numerical Results 

Xiang et 
al. (2020)  

Unified framework 
coupling change-point 
detection via extended 
CUSUM, clutter 
distribution learning 
using KDE + dictionary, 
then adaptive 
detector/threshold 
update in nonstationary 
clutter  

Online change-point 
detection + distribution 
identification triggers 
detector/threshold 
switch across multiple 
CPIs (coherent 
processing intervals)  

LRT matched to 
learned clutter 
model; AMF 
(adaptive 
matched filter) 
and clairvoyant 
baselines for 
comparison  

DP , FAP  /CFAR 

behavior, CUSUM 
detection delay, 
Wilcoxon rank-sum 
significance; 
dynamic multi-CPI 
runs  

≈99% correct 
clutter ID; change 
points found within 
few CPIs; adaptive 
flow achieves 
near-clairvoyant 

DP  at fixed FAP , 

beating 
nonadaptive and 
AMF under 
nonstationary  

Thornton 
et al. 
(2020)  

Deep RL control in 
congested spectrum; 
SDRadar prototype; 
policy learns 
coexistence behavior 
for detection/ tracking  

DQL/DDRQN adapt 
waveform/parameters 
to interference online  

NP/LRT 
perspective for 
receivers; policy 
improves 
detection/tracking 
under 
interference  

ROC, 
detection/tracking 
under interference; 
prototype 
validation  

RL controllers 

increase DP  (at 

target FAP ) and 

tracking quality vs 
fixed strategies in 
congested bands 
on hardware 
prototype  

Ali & 
Richmond 
(2021)  

Channel-matrix model 
for target/clutter; derive 
optimal LRT 
(deterministic channels) 
and ALRT (average 
LRT via Bayesian 
integration for Ricean 
random channels)  

Bayesian averaging 
over channel priors 
provides adaptation to 
randomness (no closed 
loop)  

LRT (coherent 
matched filter) vs 
ALRT = coherent 
term + 
pre-whitened 
energy term; 
ALRT optimal in 
average sense  

ROC, DP  vs SNR 

(at fixed FAP ; 

analysis + Monte 
Carlo simulation 

As channel 
randomness rises, 
ALRT > LRT on 

DP  at same FAP  

over −15–20 dB 
element SNR; gap 
grows with channel 
variance  

Czuba 
(2022)  

Coherent radar model + 
Soar cognitive 
architecture; 
sensorimotor chain 
(signal processing + 
waveform) and AI 
memory optimize SNR 
under interference  

Knowledge-aided 
adaptation via cognitive 
memories and 
reasoning to select 
waveforms/processing  

NP/CFAR lineage 
emphasized with 
SNR 
maximization to 
improve 
detection  

Detection 
performance vs 
traditional system 
in interference-rich 
settings  

Simulations show 

higher DP  for 

similar FAP  vs 

traditional radar 
through 
Soar-driven 
adaptation 
(qualitative 
improvements 
reported)  

Yang et 
al. (2023)  

Cognitive waveform 
design with corrected 
SINR model; KKT 
(Karush-Kuhn-Tucker) 
optimization; 
constant-modulus 
synthesis  

Closed-loop selection of 
frequency/ bandwidth 
subject to constraints; 
waveform updates with 
prior knowledge  

SINR/MI (mutual 
information) 
design improving 
LRT/GLRT 
behavior 
indirectly  

SINR, bandwidth 
control fidelity, LPI 
characteristics  

Outperforms LFM 
and classic 
water-filling on 
SINR and 
bandwidth control; 
practical 
constant-modulus 
waveforms aid 
detection  



 

 
155 

   Aziz & Sulaiman                                                                                                                                                              ZJPAS (2026),38(3);133-157      

 

ZANCO Journal of Pure and Applied Sciences 2026 

 

Song et 
al. (2024)  

Joint waveform and 
resource allocation with 
target situation 
awareness; IMM + 
UKPF; joint beam 
control/power; 
pulse-to-pulse 
frequency-agile design  

Prior database of 
attitude/RCS guides 
dwell/power/frequency 
each PRI (pulse 
repetition interval) for 
multi-target adaptation  

Bayesian 
detection 
foundation; 
improved 
detection via 
co-design; LPI via 
PRI adjustment  

Tracking accuracy, 
beam/power 
optimization, 
detection and LPI 
performance  

Accurate situation 
awareness, 
effective beam 
control, better 
detection and LPI 
vs fixed modes; 
reduced dwell time 
while maintaining 
performance  

Goradia et 
al. (2025)  

CFAR multi-target 
detection for cognitive 
co-located MIMO and 
networks under 
unknown disturbances; 
Wald-type statistic; 
centralized and 
decentralized fusion; 
RL-guided search  

Robust CFAR via 
asymptotics + sparse 
covariance; RL (e.g., 
SARSA) learns likely 
bins; fusion adapts 
spatially (MRC 
centralized or 
max-fusion 
decentralized)  

Asymptotically 
chi-squared Wald 
detector; 
centralized MRC 
(maximal ratio 
combining); 
decentralized 
max-fusion with 

derived FAP / DP  

DP  / FAP  CFAR 

validity, antennas–
pulses tradeoff, 
network fusion 
gains  

Shows antennas–
pulses tradeoff; RL 
boosts low-SNR 

multi-target DP ; 

centralized fusion > 
decentralized 
(higher comms 
cost); networks 
beat single radar  

Lu et al. 
(2025)  

Constrained DRL for 
time-budget allocation 
between scanning and 
tracking; DDPG with 
dual update in CMDP; 
EKF (extended Kalman 
filter) and GNN (global 
nearest neighbor) init  

DDPG jointly allocates 
per-target dwell and 
scanning under budget; 
adapts to 
distances/load; tunable 
tracking-scanning 
tradeoff  

Detection during 
scanning via 
Shnidman’s 

SNR→ DP  

mapping at fixed 

FAP ; tracking 

minimizes 
posterior 
covariance  

Tracking cost 
(trace(P)), missed 
targets, 
confirmation delay, 
utility; budget 
adherence  

Outperforms fixed 
allocations on 
tracking cost and 
overall utility; 
competitive scan 
latency; policy 
shifts budget to 
harder targets 
while respecting 
constraints  

 
5 Conclusion and future work  
5.1 Conclusion 
   The study delivered an adaptive cognitive radar 
that closes the PAC and keeps tuning key 
parameters: transmitting power, gain, carrier 
frequency, bandwidth, number of pulses, PRF, 
and a Neyman-Pearson threshold to hold a high 
detection rate while keeping false alarms low in 
changing noise, clutter, and interference, with 
improvements verified both statistically and on 
clear R-D maps for easy reading in practice. A 
simple PSO controller inside the loop makes these 
updates fast and low‑complexity, solving the 

weakness of fixed CFAR or matched‑filter setups 
in dynamic scenes by jointly searching the 
continuous parameter space each burst and 
feeding decisions back into the next transmission. 
    The simulations used matched filtering, NP 
thresholding, ROC curves, and R-D maps in 
MATLAB to compare before/after settings under 
the same false‑alarm control, so gains are fair and 
repeatable across transmitter, environment, target, 
and PSO configurations. Results show detection 
probability rising from about 65-80% to 85-92%, 
false‑alarm probability falling from about 0.01-0.10% 

to 0.005-0.05%, and R-D peaks becoming sharper 
with better separation for weak or overlapping 
targets, indicating higher effective SNR and more 
reliable detection in motion and interference. 
   Overall, putting PSO in the cognitive loop gave 
practical, real‑time benefits with modest effort: 
roughly 10-20% higher detection and 2-5% lower 
false alarms by coordinated tuning of PRF, 
number of pulses, bandwidth, power, gain, and 
threshold under an NP rule, providing a clean 
baseline that others can extend with 
reinforcement learning, advanced waveform 
design, or networked MIMO sensing for larger, 
more complex missions. 
5.2 Future work  
   Next, the radar should learn faster and act more 
safely by training a smart controller offline and 
adding a simple safety check online, so settings 
can change quickly without causing bad behavior; 
the transmit signal and the receiver should be 
designed together while obeying real limits like 
power, bandwidth, and being hard to detect; key 
knobs such as beam direction, power, PRF, 
bandwidth, and detection threshold should be 
chosen at the same time, not one by one; tracking 
should be upgraded with stronger filters that 
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handle weak, fast, and turning targets, and with 
“track-before-detect” so very faint targets are kept 
instead of lost; the system should watch for 
sudden clutter changes and update its settings 
right away; several radars should share small 
summaries so detection gets stronger without 
heavy communication; and everything should be 
proven on real SDR hardware in busy airwaves, 
with fair tests, clear numbers for accuracy, false 
alarms, speed, compute and power cost, and 
side-by-side checks against PSO, GA, and RL 
controllers to show real gains. 
Acknowledgment: The authors would like to 
acknowledge the Department of Electrical 
Engineering, College of Engineering, at 
Salahaddin University-Erbil for their support and 
for providing the necessary facilities to complete 
this research. 

Financial support: No financial support. 

Potential conflicts of interest. The authors 
declare that the research was conducted in the 
absence of any commercial or financial 
relationships that could be construed as a 
potential conflict of interest. 
References 
Abduljabbar, K. A., Hamaali, G. & Sulaiman, D. 2022. 

Optimization of Real Time Image Segmentation 
Using Efficient Thresholding Technique. Zanco 
Journal of Pure and Applied Sciences, 34, 12-19. 

Ali, T. & Richmond, C. D. 2021. Optimal Target Detection for 
Random Channel Matrix-Based Cognitive 
Radar/Sonar. 2021 IEEE Radar Conference 
(RadarConf21). 

Aziz, A., Khalil, G. & Ayoub, Z. 2024. Spectrum Sensing 
Using Cooperative Matched Filter Detector in 
Cognitive Radio. Turkish Journal of Computer and 
Mathematics Education, 15, 6-29. 

Aziz, A. M. 2019. The Radar Coverage Estimation under 
Multiple Antennas and Targets. Zanco Journal of 
Pure and Applied Sciences, 31, 13-22. 

Bell, K. L., Baker, C. J., Smith, G. E., Johnson, J. T. & 
Rangaswamy, M. Fully adaptive radar for target 
tracking part II: Target detection and track initiation.  
2014 IEEE Radar Conference, 2014. IEEE, 0309-
0314. 

Bell, K. L., Baker, C. J., Smith, G. E., Johnson, J. T. & 
Rangaswamy, M. 2015a. Cognitive Radar 
Framework for Target Detection and Tracking. IEEE 
Journal of Selected Topics in Signal Processing, 9, 
1427-1439. 

Bell, K. L., Johnson, J. T., Smith, G. E., Baker, C. J. & 
Rangaswamy, M. Cognitive radar for target tracking 
using a software defined radar system.  2015 IEEE 

Radar Conference (RadarCon), 2015b. IEEE, 1394-
1399. 

Briones, J. C., Flores, B. & Cruz-Cano, R. 2017. Multi-Mode 
Radar Target Detection and Recognition Using 
Neural Networks. International Journal of Advanced 
Robotic Systems, 9, 177. 

Czuba, A. Target Detection in Changing Noisy Environment 
Using Coherent Radar Model Integrated with Soar 
Cognitive Architecture.  2022 IEEE 21st 
International Conference on Cognitive Informatics & 
Cognitive Computing (ICCI* CC), 2022. IEEE, 64-
71. 

Fan, L., Wang, J. & Wang, B. Time allocation in cognitive 
radar for multiple target detection.  2009 Third 
International Symposium on Intelligent Information 
Technology Application, 2009. IEEE, 169-172. 

Gad, A. G. 2022. Particle Swarm Optimization Algorithm and 
Its Applications: A Systematic Review. Archives of 
Computational Methods in Engineering, 29, 2531-
2561. 

Goradia, N. L., Dhillon, H. S. & Buehrer, R. M. 2025. Multi-
Target Detection for Cognitive MIMO Radar 
Networks. arXiv preprint arXiv:2509.18381. 

Greco, M. S., Gini, F. & Stinco, P. Cognitive radars: Some 
applications.  2016 IEEE Global Conference on 
Signal and Information Processing (GlobalSIP), 
2016. IEEE, 1077-1082. 

Guerci, J. R. Cognitive radar: A knowledge-aided fully 
adaptive approach.  2010 IEEE Radar Conference, 
2010. IEEE, 1365-1370. 

Haykin, S. 2006. Cognitive radar: a way of the future. IEEE 
Signal Processing Magazine, 23, 30-40. 

Jin, Y. Cognitive multi-antenna radar detection using 
Bayesian inference.  2012 IEEE 7th Sensor Array 
and Multichannel Signal Processing Workshop 
(SAM), 2012. IEEE, 409-412. 

Kang, B., Alhujaili, K., Rangaswamy, M. & Monga, V. 2023. 
Convex optimization for cognitive radar. Next-
Generation Cognitive Radar Systems. IET. 

Kennedy, J. & Eberhart, R. Particle swarm optimization.  
Proceedings of ICNN'95-international conference 
on neural networks, 1995. ieee, 1942-1948. 

Li, Y., Zhang, N. & Yang, Q. Cognitive detector: a new 
architecture for target detection and tracking in 
complex environment.  2008 3rd International 
Conference on Intelligent System and Knowledge 
Engineering, 2008. IEEE, 685-688. 

Lu, Z., Gursoy, M. C., Mohan, C. K. & Varshney, P. K. 2025. 
Adaptive Resource Management in Cognitive 
Radar via Deep Deterministic Policy Gradient. arXiv 
preprint arXiv:2507.04195. 

Ma, N., Wang, L., Tang, J., Liao, Q. & Zhang, Y. 2019. 
Cognitive target detection based on Bayesian 
approach in radar. The Journal of Engineering, 
2019, 7476-7479. 

Nahro Kamal, S., Khalid, A. A. & Arkan, A. S. 2024. 
Optimized Resource Allocation in Vehicular Fog 
Computing Environments Using Hybrid MOSP 



 

 
157 

   Aziz & Sulaiman                                                                                                                                                              ZJPAS (2026),38(3);133-157      

 

ZANCO Journal of Pure and Applied Sciences 2026 

 

Algorithm. Zanco Journal of Pure and Applied 
Sciences, 36, 118-131. 

Nasret, A. 2023. Radar Target Detection by Using 
Levenberg-Marquardt Algorithm. PrzeglĄd 
Elektrotechniczny, 1, 267-272. 

Oechslin, R., Wellig, P., Hinrichsen, S., Wieland, S., 
Aulenbacher, U. & Rech, K. Cognitive radar 
parameter optimization in a congested spectrum 
environment.  2018 IEEE Radar Conference 
(RadarConf18), 2018. IEEE, 0218-0223. 

Richards, M. A., Scheer, J., Holm, W. A. & Melvin, W. L. 
2010. Principles of modern Radar: Basic Principles, 
Raleigh, NC, USA, SciTech Publishing. 

Rufang, Y., Rongbing, G., Guangfu, T. & Jie, H. Range-
doppler and anti-interference performance of 
cognitive radar detection waveform.  2015 12th 
IEEE International Conference on Electronic 
Measurement & Instruments (ICEMI), 2015. IEEE, 
607-612. 

Sabahi, M. F., Modarres Hashemi, M. & Sheikhi, A. 2008. 
Radar detection based on Bayesian estimation of 
target amplitude. IET Radar, Sonar & Navigation, 2, 
458-467. 

Shaikh, M. & Yadav, D. 2022. A review of particle swarm 
optimization (PSO) algorithm. Technology (IJMET), 
13, 19-44. 

Song, Y., Tian, B., Wang, R., Xu, S. & Chen, Z. 2024. Joint 
waveform design and resource allocation strategy 
for cognitive radar target situation awareness. IET 
Radar, Sonar & Navigation, 18, 1364-1380. 

Tang, B. & Tang, J. Robust waveform design of wideband 
cognitive radar for extended target detection.  2016 
IEEE International Conference on Acoustics, 
Speech and Signal Processing (ICASSP), 2016. 
IEEE, 3096-3100. 

Thornton, C. E., Kozy, M. A., Buehrer, R. M., Martone, A. F. 
& Sherbondy, K. D. 2020. Deep Reinforcement 
Learning Control for Radar Detection and Tracking 
in Congested Spectral Environments. IEEE 
Transactions on Cognitive Communications and 
Networking, 6, 1335-1349. 

Xiang, Y., Akcakaya, M., Sen, S. & Nehorai, A. 2020. Target 
Detection via Cognitive Radars Using Change-Point 
Detection, Learning, and Adaptation. Circuits, 
Systems, and Signal Processing, 40, 233-261. 

Xiong, J., Cui, G., Fan, T., Li, Y., Yu, X., Kong, L. & Yang, X. 
2025. Tangential Maneuvering Target Detection for 
Airborne Cognitive Radar. IEEE Transactions on 
Aerospace and Electronic Systems, 61, 401-415. 

Yang, C., Yang, W., Qiu, X., Zhang, W., Lu, Z. & Jiang, W. 
2023. Cognitive Radar Waveform Design Method 
under the Joint Constraints of Transmit Energy and 
Spectrum Bandwidth. Remote Sensing, 15, 5187. 

Yao, Y., Zhao, J. & Wu, L. 2018. Waveform optimization for 
target estimation by cognitive radar with multiple 
antennas. Sensors, 18, 1743. 

Zhang, X. & Cui, C. 2013a. Range-spread target detecting 
for cognitive radar based on track-before-detect. 
International Journal of Electronics, 101, 74-87. 

Zhang, X. & Cui, C. 2013b. Signal detection for cognitive 
radar. Electronics Letters, 49, 559-560. 

 
 



    c 1  


    c 2  


  [ 0 , 1 ]


  N  


  t


  r ( t ) = s ( t ) + n ( t )


  s ( t )


  n ( t )


  ∑


   m 2

