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Abstract

This paper presents a comparative performance analysis of adaptive and fixed
waveform selection strategies in multistatic radar systems, with a focus on target
tracking in cluttered environments. We propose a novel adaptive waveform selection
algorithm designed specifically for multistatic configurations, which optimizes
waveform parameters to minimize the predicted mean square error of target state
estimation. The algorithm is integrated with a Probabilistic Data Association (PDA)
filter to create a robust framework for tracking in cluttered multistatic environments.
Through extensive simulations, we compare the performance of our adaptive
waveform approach against fixed and random waveform strategies across various
metrics, including position and velocity estimation accuracy, and track continuity.
The impact of varying clutter densities on the relative performance of adaptive and
fixed waveform strategies is also investigated. Results demonstrate that the adaptive
waveform selection algorithm consistently outperforms fixed and random waveform
approaches, achieving lower root mean square errors in both position and velocity
estimation, and improved track continuity, particularly in high-clutter scenarios. This
paper highlights the significant potential of adaptive waveform selection in enhancing
the performance of multistatic radar systems in challenging environments, with
important implications for applications such as air traffic control, maritime
surveillance, and military target tracking.
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I. Introduction

Multistatic radar systems have gained significant attention in recent years
due to their potential for improved target detection, localization, and
tracking compared to traditional monostatic radars [1]. By utilizing
multiple spatially diverse transmitters and receivers, multistatic radars
can exploit the benefits of spatial diversity to overcome limitations such
as terrain masking and enhance overall system performance [2].
However, the increased complexity of multistatic configurations also
presents new challenges, particularly in cluttered environments where
false alarms and measurement association uncertainties can significantly
impact tracking accuracy. One promising approach to addressing these
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challenges is the use of adaptive waveform selection techniques. By
dynamically optimizing radar waveform parameters based on the current
target state estimate and environmental conditions, adaptive waveform
selection has the potential to significantly improve tracking performance
in multistatic radar systems [3]. This adaptive approach stands in contrast
to traditional fixed waveform methods, which use predetermined
waveform parameters regardless of the evolving tracking scenario. The
primary objective of this research is to conduct a comprehensive
comparative analysis of adaptive and fixed waveform selection strategies
In multistatic radar systems, with a particular focus on target tracking in
cluttered environments.

We aim to quantify the potential benefits of adaptive waveform selection
and identify the conditions under which it offers the most significant
advantages over fixed waveform approaches. Our study makes several
key contributions to the field.

We propose a novel adaptive waveform selection algorithm specifically
designed for multi-static radar configurations, which optimizes waveform
parameters to minimize the predicted mean square error of target state
estimation.We integrate the adaptive waveform selection algorithm with a
Probabilistic Data Association (PDA) filter, creating a robust framework
for target tracking in cluttered multistatic environments[4].We present a
comprehensive simulation study that compares the performance of
adaptive waveform selection against fixed and random waveform
approaches across various metrics, including position and velocity
estimation accuracy, and track continuity.

We investigate the impact of varying clutter densities on the relative
performance of adaptive and fixed waveform strategies, providing
insights into the robustness of each approach under different
environmental conditions.

The remainder of this paper is organized as follows: Section Il describes
the system model and problem formulation. Section Il presents the
tracking algorithm with probabilistic data association. Section IV details
the proposed adaptive waveform selection algorithm. Section V outlines
the simulation setup and presents the results of our comparative analysis.
Finally, Section VI concludes the paper and discusses directions for
future work.

Through this research, we aim to demonstrate the significant potential of
adaptive waveform selection in enhancing the performance of multi-static
radar systems, particularly in challenging, cluttered environments. Our
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findings have important implications for the design and implementation
of next-generation radar systems for various applications, including air
traffic control, maritime surveillance, and military target tracking [5].

Il. System Model and Problem Formulation

To effectively address the challenge of adaptive waveform selection for
multistatic target tracking in clutter, we must first establish a
comprehensive system model. This section outlines the key components
of our multistatic radar system, defines the target and clutter models, and
presents the measurement model used in our analysis.

a. Description of the multi-static radar system

Our multistatic radar system consists of M transmitters and N receivers,
all at known fixed positions. Let the position of the i-th transmitter be

denoted by: -

pri = [xXri ,yri 2T (1)
and the j-th receiver by

Prj = [ij:ijrsz]T (2)

wherei=1,..,Mandj=1, .., N.

The system operates in a three-dimensional space, with each transmitter-
receiver pair forming a bistatic channel. This configuration results in a
total of M x N bistatic channels, each potentially providing a unique
perspective on the target scene. The transmitters are assumed to be
capable of generating a variety of waveforms, characterized by
parameters such as carrier frequency, bandwidth, and pulse duration. The
receivers are equipped with appropriate matched filters for each possible
transmitted waveform [6].

b. Target and clutter models
We consider a single moving target in the presence of clutter. The target
state at time k is represented by the vector:
Xk = [px,,‘crpy,k yPzk »Vak » Vyk :Vz,k]T (3)
where (Pxk, Pyx »Pzk) denotes the target position and (Vi , Vyx V2 k)

represents the target velocity components. The target motion is modeled
using a discrete-time state equation [7]:

X1 = (X)) + wy (4)
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where: f () is the state transition function (e.g., constant velocity or
constant acceleration model)

and wk is the process noise, assumed to be zero-mean Gaussian with
covariance matrix Q.

Clutter is modeled as a collection of false detections distributed
throughout the surveillance volume. We assume that the number of
clutter points in each resolution cell follows a Poisson distribution with
mean AV, where A is the spatial density of clutter and V is the volume of
the resolution cell. The spatial distribution of clutter is assumed to be
uniform within the surveillance volume [8].

c. Measurement model

For each bistatic channel (i, j), the radar measurement at time k consists
of the bistatic range r;;x and bistatic Doppler shift fij,. The

measurement vector for this channel is given by:

Ziik = s fijelT (5)
The bistatic range is the sum of the distances from the transmitter to the
target and from the target to the receiver:

Nije =l pri = Pr | +1I pre — pgj |l (6)
where: Px = [px-k’py.krpz.k]T

Pr = [px_k,py_k,pz_k]'r IS the target position at time k, and || - || denotes
the Euclidean norm.

The bistatic Doppler shift is proportional to the rate of change of the
bistatic range [9]:

== () () 0

where f. is the carrier frequency, c is the speed of light, and % Is the

time derivative of the bistatic range.

The measurement model can be expressed as:

Zijre = hij(xk) + vij (8)
where: h;;(.) is the nonlinear measurement function relating the target
state to the bistatic range and Doppler measurements, and v;j, is the
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measurement noise, assumed to be zero-mean Gaussian with covariance
matrix R;;, .The covariance matrix R;;, depends on the selected

waveform parameters and the signal-to-noise ratio (SNR) for the (i, j)
bistatic channel. This dependency forms the basis for our adaptive
waveform selection algorithm, which aims to minimize the uncertainty in
target state estimation by optimizing the waveform parameters [10].

In the presence of clutter, the radar system may receive multiple
measurements at each time step, including both the true target echo and
false alarms from clutter. The set of all measurements at time K is denoted
by zi = {21k, Z24 ) Zmis ) Where mk is the total number of

measurements (target plus clutter) at time k.

This comprehensive system model provides the foundation for
developing our adaptive waveform selection algorithm and analyzing its
performance in cluttered multistatic environments.

I11.  Tracking Algorithm with Probabilistic Data Association

To address the challenges of target tracking in cluttered environments, we
employ a Probabilistic Data Association (PDA) filter. The PDA filter is
particularly well-suited for multistatic radar tracking in clutter due to its
ability to handle measurement origin uncertainty [11].

The PDA filter is a Bayesian approach to tracking those accounts for
measurement origin uncertainty. Unlike simpler tracking algorithms that
assume a one-to-one correspondence between measurements and targets,
the PDA filter considers all possible associations between measurements
and the target of interest. It then computes a weighted sum of these
associations to update the target state estimate.

In our multistatic radar context, the PDA filter operates on the following
principle: at each time step, it processes all measurements received from
all bistatic channels, computing association probabilities for each
measurement. These probabilities are then used to form a combined
innovation for updating the target state estimate [12].

The PDA filter maintains an estimate of the target state xk and its
associated error covariance Pk. At each time step k, the filter performs
two main operations: prediction and update.
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The prediction step projects the state estimate and error covariance
forward in time:

ﬁk|k—1 = f(ﬁk—1|k—1) (9)
Prik-1 = Fxpx-1jxk-1 Fgrr + Qk (10)
Where: X,_x—1 is the predicted state, pyx_,is the predicted error
covariance, Fy is the Jacobian of f(-) evaluated at X, _;x_1, and Qy is the
process noise covariance.

For each bistatic channel (i,j), the filter predicts the expected
measurement:

Zij k-1 = hij(Rexo1) (11)

The innovation covariance is then computed as:
Sijk = Hijrpr|k-1 Hijrrr + Riji (12)

Where H;; . is the Jacobian of H;;(.)evaluated at Ry x—q, and R;j is
the measurement noise covariance for the (i, j) channel.

The PDA filter computes association probabilities for each measurement
in the validation gate. The validation gate is typically defined as an

ellipsoidal region around the predicted measurement, based on the
innovation covariance [13].

For each measurement z, , within the validation gate, we compute the

_ PDN(Zyk; Zijkk-1,Sijikc) (13)
A+ PDYN(zy 45 2ij ki1, Sij,x)

where PD is the probability of detection, N(-) denotes the Gaussian

probability density function, and A is the spatial density of clutter.

Bl.k

The probability of no association (i.e., all measurements are false alarms)
IS given by:
Box = A+ PDYN(zy 1; 2ij ki1, Sijxc) (14)

The state update in the PDA filter is performed using a weighted sum of
innovations from all associated measurements:

Rik = Rigrt T KX P (2o — 2ijxqu-1) (15)

where KKk is the Kalman gain, computed as:
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Kk = pyjk-1 H;j

i k" (Sipk)r—1 (16)

The updated error covariance is given by:
Pxjk = BoxPxx-1+ (1 — ﬁo,k)Pc,k + Py (17)

where P, is the covariance update assuming a correct measurement, and

P, is an additional covariance term accounting for the spread of the
Innovations.

This PDA framework allows us to maintain a consistent target track in the
presence of clutter and missed detections. By considering all potential
measurement-to-target associations, the PDA filter provides a robust
tracking solution that can be seamlessly integrated with our adaptive
waveform selection algorithm [14].

In the next section, we will discuss how this tracking algorithm is
combined with adaptive waveform selection to further improve tracking
performance in cluttered multistatic environments.

IV. Adaptive Waveform Selection

The core innovation of our approach lies in the adaptive selection of radar
waveforms to enhance tracking performance in cluttered multistatic
environments. The primary goal of adaptive waveform selection is to
minimize the uncertainty in target state estimation. We formulate this as
an optimization problem where the objective is to minimize the predicted
mean square error (MSE) of the target state estimate [15].

Let w denote the waveform parameter vector, which may include
elements such as carrier frequency, bandwidth, and pulse duration. The
objective function J(w) is defined as:

J(w) = trace(PK+1|k(W)) (18)
where (Pg,1|k(w)) is the predicted error covariance matrix for the next
time step, which is a function of the selected waveform w.

This objective function can be expanded using the matrix inversion
lemma:

J(w) = trace(Pg41)k-1

T T
- PK+1|k—1HK5-ui) [HK+1(W)PK+1|I<—1 HKS.HP
-1
+Ryp W] Hyrt W) Py i1y (19)
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where Hy ., (w) is the measurement Jacobian matrix and R, ;(w) is the
measurement noise covariance matrix, both of which depend on the
selected waveform. To solve the waveform selection problem, we employ
a gradient-based optimization approach. The gradient of the objective
function with respect to the waveform parameters is given by:

Vilw) = _trace(PK+1|K—1H;5.Hi) [HK+1(W)PK+1|k—1 H;g)

+ RK+1(W)] Hg 1 (W)Pk 41 1k-1)

T -1
T(W)[HK+1(W)PK+1|1<—1 HKS.“;) +RK+1(W)] v
K+1

HK+1(W)PK+1|}<—1) (20)

+ trace(Pg41ik-1

The optimization algorithm proceeds as follows:
Initialize the waveform parameters wo.
For each iteration i:
a. Compute J(wi) and VJ(wi).
b. Update the waveform parameters: wi+1 = wi - aVJ(wi), where a is
the step size.
c. If|jwi+l - wi|| < &€ or maximum iterations reached, stop; otherwise,
continue to next iteration.
The result of this optimization is a set of waveform parameters that
minimize the predicted state estimation error for the next time step.
The adaptive waveform selection algorithm is integrated with the PDA
tracking filter in the following manner:
State prediction: The PDA filter predicts the target state Xk+1|k and error
covariance Pk+1|k.

Waveform optimization: Using the predicted state and covariance, the
waveform optimization algorithm is executed to determine the optimal
waveform parameters w* for the next measurement.

Measurement: The radar system transmits the optimized waveform and
collects measurements using the selected parameters.

Data association: The PDA filter computes association probabilities for
all measurements within the validation gate.

State update: The filter updates the target state estimate and error
covariance using the PDA equations.

Repeat: The process is repeated for each time step.

This integrated approach allows the radar system to continually adapt its
waveform to the current tracking scenario, taking into account the target's
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estimated state, the uncertainty in this estimate, and the clutter
environment. It's worth noting that the waveform optimization can be
computationally intensive, especially for real-time applications. To
address this, several strategies can be employed: Constraining the
waveform parameter space to a discrete set of pre-computed
waveforms.Using approximate optimization techniques or lookup tables
for faster computation.Performing waveform optimization at a lower rate
than the tracking update rate.The specific implementation details will
depend on the computational resources available and the real-time
requirements of the tracking system.By integrating adaptive waveform
selection with the PDA tracking algorithm, we create a powerful
framework for multistatic target tracking in cluttered environments. This
approach allows the radar system to dynamically adjust its transmission
parameters to optimize tracking performance under varying target and
environmental conditions [16].

V. Simulation Setup and Results

To evaluate the performance of our proposed adaptive waveform
selection algorithm in multistatic radar systems, we conducted extensive
simulations using MATLAB. Our simulation setup closely follows the
system model described in Section II.

a. Simulation Parameters

We considered a multistatic radar system with M = 3 transmitters and N =
4 receivers, resulting in 12 bistatic channels [1]. The transmitters and
receivers were positioned in a 3D space within a 10km x 10km x 5km
volume. The target followed a non-linear trajectory over a 100-second
period, with measurements taken at 1-second intervals.

The following parameters were used in our simulations:

1. Target initial state: x0 = [5000m, 5000m, 2500m, 50m/s, 50m/s,
25m/s] T

2. Process noise covariance: Q = diag([0.5 <1 «<1 <5 <10 «<10])

3. Measurement noise covariance: R = diag([100, 0.1]) for each
bistatic channel

4. Clutter density: A = le-7 m"-3

5. Probability of detection: PD =0.9

b. Waveform Parameters
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We considered a set of waveform parameters including carrier frequency
(fc), bandwidth (B), and pulse duration (t). The optimization was
constrained to the following ranges:

1. Carrier frequency: 1 GHz < fc <10 GHz
2. Bandwidth: 1 MHz <B <100 MHz
3. Pulse duration: 1 us <t <100 ps

c. Performance Metrics

To assess the performance of our adaptive waveform selection algorithm,
we used the following metrics:

Root Mean Square Error (RMSE) of position estimation. RMSE of
velocity estimation

Track continuity (percentage of time the track is maintained)

We compared the performance of our adaptive waveform selection
algorithm against two baseline approaches:

Fixed waveform: A constant waveform with fc =5 GHz, B = 10 MHz,
and t=10 ps

Random waveform: Randomly selected waveform parameters within the
constrained ranges at each time step

d. Results and Discussion

Figure 1 shows the RMSE of position estimation over time for the three
approaches. The adaptive waveform selection algorithm consistently
outperforms both the fixed and random waveform approaches, achieving
a lower RMSE throughout the simulation.
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Figure 1. RMSE of position estimation over time

Similarly, Figure 2 illustrates the RMSE of velocity estimation, where the
adaptive approach again demonstrates superior performance.

RMSE of Velocity Estimation over Time
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Figure 2: RMSE of velocity estimation over time
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Table 1 summarizes the average performance metrics over 100 Monte

Carlo runs:

Method Avg.position RMSE | Avg.velocity RMSE | Track Continuity

Adaptive Waveform 153 m 1.2 m/s 98.7 %
Fixed Waveform 24.7m 2.1 m/s 92.3%

Random Waveform 31.2m 2.8 m/s 89.1%

The results clearly demonstrate the advantages of adaptive waveform
selection in multistatic radar tracking. The adaptive approach achieves a
38% reduction in position RMSE and a 43% reduction in velocity RMSE
compared to the fixed waveform approach. Moreover, the track
continuity is significantly improved, indicating better performance in
maintaining consistent tracks in cluttered environments.

Figure 3 shows the distribution of selected carrier frequencies over time
for the adaptive waveform algorithm. We observe that the algorithm
tends to favor higher frequencies in the early stages of tracking to
improve initial localization, then shifts towards lower frequencies as the
track stabilizes to maintain better Doppler resolution.

10 Distribution of Selected Carrier Frequencies over Time

Carrier Frequency (GHz)
([ ]
[ ]

e® °® ® 4

0 10 20 30 40 50 60 70 80 90 100
Time (s)

Figure 3: Distribution of selected carrier frequencies over time
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Figure 4 illustrates how the adaptive algorithm adjusts the bandwidth and
pulse duration over time. We note that the algorithm often selects wider
bandwidths during periods of rapid target maneuvers to improve range
resolution, while longer pulse durations are preferred during periods of
relatively stable motion to enhance SNR.

Selected Bandwidth and Pulse Duration over Time
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Figure 4: Selected bandwidth and pulse duration over time

To further validate the robustness of our approach, we conducted
additional simulations with varying clutter densities. Figure 5 shows the
average position RMSE as a function of clutter density for the three
waveform selection methods. The adaptive waveform approach maintains
superior performance across all clutter densities, with its advantages
becoming more pronounced in higher clutter scenario.
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Average Position RMSE vs. Clutter Density
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Figure 5: Average position RMSE vs. clutter density

These results confirm that our adaptive waveform selection algorithm
significantly enhances tracking performance in multistatic radar systems,
particularly in challenging, cluttered environments. The algorithm's
ability to dynamically adjust waveform parameters in response to
changing target dynamics and environmental conditions contributes to its
superior performance over fixed and random waveform approaches.

V1. Conclusion
The simulation results demonstrate the significant advantages of adaptive
waveform selection in multistatic radar tracking systems. Our proposed
adaptive waveform algorithm consistently outperformed both fixed and
random waveform approaches across various performance metrics. Key
findings include:

1. Improved Accuracy: The adaptive waveform method achieved a
38% reduction in position RMSE and a 43% reduction in velocity
RMSE compared to the fixed waveform approach. This substantial
improvement in tracking accuracy highlights the effectiveness of
dynamically adjusting waveform parameters.
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2. Enhanced Track Continuity: With a track continuity of 98.7%, the
adaptive approach showed superior performance in maintaining
consistent tracks in cluttered environments, compared to 92.3% for
fixed waveforms and 89.1% for random waveforms.

3. Robustness to Clutter: The adaptive waveform selection
demonstrated better performance across varying clutter densities,
with its advantages becoming more pronounced in higher clutter
scenarios.

4. Dynamic Parameter Adjustment: The algorithm's ability to adjust
carrier frequency, bandwidth, and pulse duration in response to
changing target dynamics and environmental conditions
contributed to its superior performance.

These results confirm that adaptive waveform selection can significantly
enhance the performance of multistatic radar systems, particularly in
challenging, cluttered environments. The dynamic nature of the algorithm
allows it to optimize waveform parameters in real-time, leading to
improved target tracking and estimation.

VII. Future Work

While the current results are promising, several avenues for future
research and development can be explored:

1. Real-world Testing: Conduct field trials to validate the algorithm'’s
performance in real-world scenarios with actual radar hardware
and environmental conditions.

2. Multi-target Tracking: Extend the adaptive waveform selection
algorithm to handle multiple targets simultaneously, investigating
its performance in complex, multi-target scenarios.
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