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Abstract—This paper presents a method for passive radar
detection and localization in a multistatic configuration. Con-
ventional Cross-Ambiguity Function (CAF) processing faces two
key limitations: the challenge of noncoherently summing signals
across different geometries for detecting low Signal-to-Noise
Ratio (SNR) targets, and the challenge of associating detections
in multi-target scenarios. Direct Position Determination (DPD)
methods, which operate in the position-velocity (PV) domain,
resolve these issues by enabling direct noncoherent integration
and bypassing the target association problem. However, the
performance of DPD is limited by its high computational cost
of an exhaustive multi-dimensional search. To mitigate this,
we propose extending the support of the correlation peak,
enabling an efficient PV sampling scheme based on a novel
voxel representation. Our key contribution is the design of this
voxel representation, which maps a single point in the PV search
grid to a deliberately extended region in the Delay-Doppler
(DD) domain. This approach significantly reduces the number
of required states, thereby lowering computational complexity
while ensuring full coverage of the search space.

Index Terms—Distributed passive radar, particle filter, direct
position determination.

I. INTRODUCTION

Passive radar has been a subject of research since the early
20th century [1], [2]. The underlying concept is to exploit
signals from widespread radio frequency (RF) transmitters of
opportunity, such as FM broadcasts, Digital Video Broadcast-
ing – Terrestrial (DVB-T), Global System for Mobile Commu-
nications (GSM), among others. These signals, upon reflecting
from a target, enable its passive detection and localization. The
maturity of this field is evidenced by commercial systems like
Hensoldt’s ”Twinvis,” Lockheed-Martin’s ”Silent Sentry,” and
Thales’s ”Homeland Alerter.”

The conventional processing chain for passive radar begins
with direct path interference (DPI) and clutter suppression,
followed by correlation processing to generate the Cross-
Ambiguity Function (CAF). Subsequent stages include target
detection on the CAF and tracking. In a multistatic system
leveraging multiple Illuminators of Opportunity (IOs), local-
ization requires converting detections from the Delay-Doppler
(DD) domain of each CAF to the target’s position-velocity
(PV) domain. This is typically achieved using geometric
algorithms, such as those based on ellipsoid intersections or
direction-of-arrival estimation [3].

This approach, however, suffers from two significant limi-
tations. First, in low Signal-to-Noise Ratio (SNR) conditions,
a target may not be detectable on any single CAF. While
combining data from multiple IOs can improve detection
probability, the differing multistatic geometries prevent the
direct noncoherent integration of CAF data. Second, in multi-
target scenarios, multiple detections can appear on each CAF,
creating an association problem where detections must be
correctly linked to their counterparts from other IOs.

Direct Position Determination (DPD) methods [4]–[6] over-
come these challenges. Instead of detecting in the DD domain,
DPD performs a search over a grid of candidate target states
in the PV domain. For each state, the corresponding DD
coordinates are calculated for each IO, and the received energy
is noncoherently summed [7]. This process directly yields a
likelihood map in the PV domain, which solves the afore-
mentioned problems: noncoherent integration is inherent to
the process, and the data association ambiguity is completely
bypassed. As an exhaustive search of the high-dimensional
PV space is often impractical, search techniques like Particle
Filters (PF) are often employed to manage the complexity [8]–
[10].

The primary drawback of DPD is its significant computa-
tional cost. To quantify this, consider a surveillance scenario
using an FM radio station illuminator with a volumetric
position Region of Interest (ROI) of 100 × 100 × 10 km3

and a corresponding velocity ROI of 100 × 100 × 10 (m/s)3.
This scenario requires an exhaustive search over approximately
1011 candidate states, a figure we will formally derive in
Sec. III-B. Consequently, initializing a PF without strong prior
information demands a particle set of a similar magnitude,
a requirement that remains computationally demanding and
memory-intensive, challenging the practical limits of even
modern GPU-based parallelization.

This paper introduces a novel method that significantly
reduces the required number of candidate states by employing
time and frequency domain shaping. The core idea is to apply
a filter that deliberately broadens the support of the CAF peak.
This broadening ensures that a single point on a coarse search
grid corresponds to a larger, well-defined volume—a voxel—in
the PV space, thereby guaranteeing full ROI coverage with far
fewer samples. Following an initial coarse detection, a fine-



search stage is employed within suspect voxels to precisely
estimate the target’s true state. While the analysis herein fo-
cuses on a single receiver, two-element array, and FM stations
as the IOs, the proposed framework is readily generalizable
to systems with multiple receivers, larger antenna arrays [10],
and other IOs.

II. PROBLEM FORMULATION

A. System Geometry and Signal Model

Our objective is to perform target detection and localization
directly in the PV domain within a multistatic passive radar
setup. The system consists of M non-cooperative transmitters
at known locations {ptx,m}Mm=1 and a single receiver at prx.
We consider T targets, {xi}Ti=1, with unknown state vectors
xi = [pT

tgt,i,v
T
tgt,i]

T ∈ R6, where ptgt,i and vtgt,i are the i’th
target’s position and velocity, respectively.

For each transmitter m, the target state xi maps to a specific
bistatic time delay τm and Doppler frequency shift fd,m

τm(xi) =
∥ptgt,i − ptx,m∥+ ∥ptgt,i − prx∥

c
(1)

fd,m(xi) = −fc,m
c

vT
tgt,i

(
ptgt,i − ptx,m

∥ptgt,i − ptx,m∥

+
ptgt,i − prx

∥ptgt,i − prx∥

) (2)

where c is the speed of light and fc,m is the carrier frequency
of the m’th transmitter.

The receiver simultaneously acquires a reference signal
xr(t) containing the direct-path signals from the illuminators
and a surveillance signal xe(t) containing the target echoes,
after appropriate interference and clutter suppression. These
continuous-time signals are sampled into discrete sequences
xr[n] and xe[n] of length N , corresponding to the Coherent
Processing Interval (CPI). The standard CAF is defined as

ψ(l, k) =

N−1∑
n=0

xr[n− l] · x∗e[n]e−j 2π
N kn (3)

where l and k are discrete delay (in samples) and Doppler
(frequency bins). This operation correlates the surveillance
signal with a time-delayed and frequency-shifted replica of
the reference signal.

B. Direct Position Determination (DPD)

The DPD algorithm evaluates a likelihood function over a
grid of X candidate states, {xj}Xj=1, spanning the ROI in
the PV domain. This can be accomplished in several ways,
with a direct trade-off between computational complexity and
processing gain.

One approach is to generate a unique reference signal
replica for each transmitter and individual state, xj . This al-
lows for the incorporation of intra-CPI dynamics (e.g., changes
in delay and Doppler) for each state, thereby achieving the
maximum possible processing gain. However, the requirement
to generate and correlate X distinct replicas is computationally

and memory prohibitive, rendering this method challenging in
large ROIs for real-time applications.

A more computationally tractable alternative, which is used
for our work, relies on pre-computing the standard CAF for
each transmitter using (3). The likelihood for a given state xj

and transmitter m, is then found by calculating its correspond-
ing discrete delay and Doppler indices, lm(xj) and km(xj),
and sampling the pre-computed CAF at that location. We
define this mapping as ψDPD(xj ,m) = ψ(lm(xj), km(xj)).
The total DPD likelihood is then the noncoherent sum across
all M transmitters:

L(xj) =

M∑
m=1

|ψDPD(xj ,m)|2. (4)

This CAF-based method has significantly lower complexity, as
the correlations are performed only once per transmitter. For a
CAF computed over Nbin range bins, the complexity is O(M ·
NNbin log2(N) +X ·M) [11]. While more manageable, this
complexity is still challenging for exceptionally large ROIs,
which motivates the efficient sampling strategy proposed in
this paper.

III. PROPOSED VOXEL-BASED DPD METHOD

To overcome the computational barrier established in II-B,
we propose a coarse-to-fine DPD framework. The core of
our method is to deliberately broaden the CAF peak support
through signal shaping, which enables an initial search over a
coarse grid of large PV voxels, followed by a fine search only
in suspect voxels.

A. CAF Shaping for Increased Support

The foundation of our approach is to modify the reference
signal to increase the support of the CAF peak. Instead of
using the standard CAF from (3), we first shape the reference
signal xr[n]

x̃r[n] = (xr ∗ ht)[n] · hf [n] (5)

where ht[n] is a filter that broadens the correlation in the
time (delay) domain, and hf [n] is a filter that broadens the
correlation in the frequency (Doppler) domain. The modified
CAF, ψ̃, is then computed by substituting x̃r[n] for xr[n] in
(3)

ψ̃DPD(xj ,m) =

N−1∑
n=0

x̃r[n− lm(xj)] · x∗e[n]e−j 2π
N km(xj)n.

(6)
This technique is distinct from conventional windowing

used for sidelobe suppression, where mainlobe broadening
is an undesired byproduct. Here, we deliberately expand the
mainlobe to a predefined width. To achieve this while main-
taining control over the sidelobe levels, we propose construct-
ing the filters by convolving a Dolph–Chebyshev window,
w[n], with a rectangular window, rect(·). The resulting time-
and frequency-domain filters are defined as

ht[n] =
{
w ∗ rect(nt)

}
[n] (7)

hf [n] = F−1
{
W ∗ rect(nf )

}
[n] (8)



where nt and nf denote the number of support bins in delay
and Doppler, respectively, F is the discrete Fourier transform
(DFT) operator, and W = F{w}. The effect of these shaping
filters is illustrated in Fig. 1.

Figure 1. (a) Dolph–Chebyshev window and a shaped version with a support
of ±20 bins. (b) Example of a CAF computed with the shaped window. The
target is at a bistatic range of 44 km and velocity of 15.7 m/s, while the
mainlobe support is broadened to ±15 km and ±30 m/s.

B. Voxel-Based Space Partitioning

To ensure complete ROI coverage, the continuous PV space
is partitioned into a grid of resolution cells, or voxels. To
guarantee that a target is detectable anywhere within a voxel,
the support of the CAF peak in the DD domain must be large
enough to cover the voxel’s largest diameter. Here, we consider
cubic voxels (with ∆x = ∆y = ∆z for the position and
∆vx = ∆vy = ∆vz for the velocity) such that the diameters
are ∆Rc =

√
3∆x and ∆Vc =

√
3∆vx for the position and

velocity, respectively. The relationship between the required
Cartesian coverage and the corresponding bistatic support in
the DD domain, (∆R,∆V ), is governed by the bistatic angle
β [3]:

|∆R| = |2 cos(β/2)∆Rc| ≤ 2|∆Rc|,
|∆V | = |2 cos(β/2)∆Vc| ≤ 2|∆Vc|.

(9)

To design filters ht[n], hf [n] for extending the bistatic support,
regardless of the geometry, we use the upper bound of (9).

To illustrate, consider first the complexity when one does
not employ our shaping method. For the case of an FM station
as the IO, which has a CAF peak support of |∆R| ≈ 1.5 km
and |∆V | ≈ 3 m/s, this sets ∆x = |∆R|/(2

√
3) ≈ 433 m and

∆vx = |∆V |/(2
√
3) ≈ 0.866 m/s. Using this fine resolution,

the total number of candidate states required to cover a ROI
of 100× 100× 10 km3 and 100× 100× 10 (m/s)3 is

X =

(
100 km
0.433 km

)2(
10 km

0.433 km

)
×
(

100 m/s
0.866 m/s

)2(
10 m/s

0.866 m/s

)
≈ 1.9× 1011.

(10)

On the other hand, our proposed method overcomes this
limitation by increasing the correlation support using (5). For
example, setting nt = 10, nf = 5, the support becomes
|∆R| = 15 km and |∆V | = 15 m/s. With these figures,
the voxel dimensions become ∆x ≈ 4.33 km and ∆vx ≈

4.33 m/s. For the same ROI as before, this reduces the number
of required states to

Xcoarse ≈ 1.5× 106 , (11)

a reduction of more than five orders of magnitude, making an
exhaustive DPD search computationally tractable.

C. Coarse-to-Fine Detection Algorithm

The proposed detection process operates in two stages.
First, a coarse search is performed over the coarse voxel grid,
{xi}Xcoarse

i=1 . The likelihood for each voxel xi is computed by
noncoherently summing the outputs of the shaped CAF, ψ̃ of
(6)

Lcoarse(xi) =

M∑
m=1

|ψ̃(xi,m)|2. (12)

Voxels where Lcoarse exceeds a threshold γ1 are declared as
”suspect”. In the second stage, only these suspect voxels are
partitioned into a fine grid at the resolution determined by
the original, unshaped signal. Let the total number of fine
grid cells be defined as Xfine. Then, the fine-grid likelihood,
Lfine, is computed on all fine cells {xj}

Xfine

j=1 by sampling
the unshaped CAF, as defined in (4). Finally, to find the final
target state, Lfine is compared to a second threshold γ2. The
thresholds, γ1 and γ2, are set based on the noise statistics
to achieve a desired probability of false alarm (Pfa). The
algorithm is summarized in Alg. 1.

Algorithm 1 Coarse-to-Fine Voxel-Based DPD
1: Define ROI and set the number of coarse candidate states,
Xcoarse

2: Determine the coarse voxel dimensions (∆x, . . . ,∆vz)
3: Determine required DD support (|∆R|, |∆V |) using (9)
4: Construct shaping filters ht[n] and hf [n] as in (7) and (8)
5: Compute x̃r[n] as in (5)
6: // Coarse Search Stage
7: for each coarse voxel center xi in ROI do
8: Compute coarse likelihood Lcoarse(xi) using (12)
9: end for

10: Identify suspect voxels where Lcoarse(xi) > γ1
11: // Fine Search Stage
12: for each suspect voxel do
13: Create fine grid of states, xj , within the voxel
14: for each fine grid point xj do
15: Compute fine likelihood Lfine(xj) using (4)
16: end for
17: end for
18: Perform final detection on fine grid results where

Lfine(xj) > γ2

IV. ANALYSIS OF SIGNAL-TO-NOISE RATIO

The proposed CAF shaping method introduces a fundamen-
tal trade-off: it reduces computational complexity at the cost
of degrading the PNFR. This degradation occurs because the
shaping filter, which broadens the correlation peak, effectively



acts as an averaging filter on the noise. In this section, we
formally derive this PNFR loss and subsequently incorporate
the offsetting gain from noncoherent integration inherent to
the DPD framework.

For the following analysis, we model the desired signal as a
zero-mean, complex Gaussian process, s[n] ∼ CN (0, σ2

s), and
the additive noise on each channel as independent, identically
distributed (i.i.d.) complex Gaussian noise, w[n], w̃[n] ∼
CN (0, σ2

w). The received reference and surveillance signals
are then

xr[n] = grs[n] + w[n]

xe[n] = ges[n− q]ej
2π
N kn + w̃[n]

(13)

where gr and ge are constant gains, and q and k are the discrete
target delay and Doppler, respectively. We define the Direct-
path-to-Noise Ratio (DNR) as D = g2rσ

2
s/σ

2
w and the Echo-to-

Noise Ratio (ENR) as E = g2eσ
2
s/σ

2
w. For notational simplicity

in the following derivation, we omit the target’s Doppler shift
from the signal model, as it does not affect the power-based
second-order statistics used for the PNFR calculation.

The cross-correlation for a test delay j is conventionally
formulated as

Sj =

N−1∑
n=0

xe[n]x
∗
r [n− j] =

N−1∑
n=0

(
gegrs[n− q]s∗[n− j]

+ ges[n− q]w∗[n− j] + grw̃[n]s
∗[n− j]

+ w̃[n]w∗[n− j]
)

(14)

The PNFR is the ratio of the squared mean of the correlation
peak, µ2

0, to the variance of the sidelobes σ2
sl

PNFR =
(E[Sq])

2

Var(Sj)
=
µ2
0

σ2
sl

, for j ̸= q. (15)

Before analyzing our method, we establish the baseline PNFR
for the model of two noisy signals.

Lemma 1. For a system with two noisy signals as defined in
(13), the baseline PNFR is

PNFR =
N

1 +D−1 + E−1 + (DE)−1
. (16)

Proof. The mean of the correlation peak (at j = q) is

µ0 = E[Sq] = E

[
N−1∑
n=0

gegr|s[n− q]|2
]
= gegrNσ

2
s . (17)

For a sidelobe (j ̸= q), the mean E[Sj ] = 0 due to the
uncorrelated nature of the signal and noise terms. The variance
is thus

σ2
sl = E[|Sj |2]

= E

[
N−1∑
n=0

N−1∑
k=0

xe[n]x
∗
r [n− j]x∗e[k]xr[k − j]

]
.

(18)

Since all stochastic processes are i.i.d., the expectation is non-
zero only when n = k, which simplifies the variance to

σ2
sl =

N−1∑
n=0

E
[
|xe[n]|2|xr[n− j]|2

]
=

N−1∑
n=0

[
E
[
|ges[n− q] + w̃[n]|2

]
× E

[
|grs[n− j] + w[n− j]|2

] ]
.

(19)

As j ̸= q, the signal components s[n − q] and s[n − j] are
uncorrelated, yielding

σ2
sl = N(g2eσ

2
s + σ2

w)(g
2
rσ

2
s + σ2

w)

= N(g2eg
2
rσ

4
s + g2eσ

2
sσ

2
w + g2rσ

2
sσ

2
w + σ4

w).
(20)

Substituting µ0 and σ2
sl into (15) and simplifying yields the

result in (16).

Note that if the reference signal is clean (D → ∞), as is
the case when the transmitted waveform is known beforehand,
this simplifies to the classical case of PNFR = N/(1 +E−1)
[12].

We now analyze the impact of our shaping filters, which
we model as rectangular windows of length nt = 2dt + 1 in
delay and nf = 2df + 1 in Doppler. These correspond to the
impulse responses

ht[n] =

dt∑
it=−dt

δ[n− it] and hf [n] =

df∑
if=−df

ej
2π
N ifn.

(21)

Theorem 1. The PNFR for two noisy signals, where the
reference signal is shaped by rectangular filters of support
nt and nf , is degraded by a factor of nt × nf

PNFRh =
1

ntnf
· PNFR. (22)

Proof. The shaped reference signal is x̃r[n] = (xr ∗ ht)[n] ·
hf [n]. The shaped correlation at a test delay-Doppler point
(j, r) is

S̃j,r =

N−1∑
n=0

xe[n]x̃
∗
r [n− j]e−j 2π

N rn. (23)

The mean of the correlation peak, µ̃0, occurs when the test
point (j, r) aligns with the target’s true state (q, k). At this
point, only the central tap of the shaping filters contributes
coherently to the mean, while all other filter taps are mis-
aligned and average to zero. This leaves the peak’s magnitude
unchanged from the baseline case

µ̃0 = E[S̃q,k] = gegrNσ
2
s . (24)

The sidelobe variance, however, increases. When calculating
σ̃2
sl = E[|S̃j,r|2] in a sidelobe region, the cross-terms between

different filter taps average to zero under the assumption of



uncorrelated data. The variance thus becomes an incoherent
sum of variances from each of the nt × nf filter taps

σ̃2
sl =

dt∑
it=−dt

df∑
if=−df

E

[∣∣∣∣N−1∑
n=0

xe[n]x
∗
r [n− j − it]

× e−j 2π
N (r−if )n

∣∣∣∣2
]
= (ntnf ) · σ2

sl.

(25)

The variance is scaled by the total number of filter taps, nt ×
nf . Consequently, the PNFR is degraded by this same factor,
proving the theorem.

While the shaping filters degrade the single-transmitter
PNFR, the DPD framework partially compensates by non-
coherently integrating data from M transmitters. The non-
coherent integration gain, Gnc, is a complex function of the
pre-integration SNR, with closed-form expressions provided in
[13]. While the gain asymptotically approaches

√
M in low-

SNR regimes, it can be higher for stronger signals, where
the detector behaves more linearly. Nevertheless, noncoherent
integration remains inherently less efficient than coherent
integration, establishing the bounds

√
M ≤ Gnc < M .

Combining these factors, the final effective PNFR for our
proposed method is given by

PNFReff =
Gnc

ntnf
· N

1 +D−1 + E−1 + (DE)−1
. (26)

This expression encapsulates the central trade-off of the al-
gorithm: the PNFR is reduced by the filter size (nt × nf )
required for coarse sampling but enhanced by the multistatic
noncoherent gain, Gnc. This relationship is illustrated in Fig. 2.

Figure 2. Effective PNFR (dB scale) as a function of the number of
candidate states needed for full ROI coverage, shown for different numbers
of transmitters (M ). The number of states is inversely proportional to the
voxel volume (i.e., the filter support). Simulation parameters were set to
DNR=60 dB and ENR=−30 dB.

V. SIMULATION RESULTS

To validate the proposed method, we simulate a challenging
multistatic passive radar scenario and evaluate its performance.

The scenario is a 3D environment with a ROI of 100 ×
100× 10 km3 and a velocity ROI of 100× 100× 10 (m/s)3.
The system comprises M = 10 FM broadcast stations serving
as IOs and a single static receiver. The receiver is equipped
with a two-element array centered around [10, 0, 0] km. The
DNR and ENR for each IO are set to 60 dB and −30 dB,
respectively.

Three moving targets are present in the ROI: TGT1
(position [40, 40, 1] km, velocity [15,−5,−5] m/s); TGT2
([45, 0, 4] km, [0,−15, 0] m/s); and TGT3 ([40,−40, 7] km,
[−10,−10, 5] m/s). We assume that direct-path interference
(DPI) and clutter have been ideally suppressed prior to pro-
cessing.

First, to illustrate the challenge that motivates DPD, Fig. 3
shows the conventional CAF from two different IOs. The
multiple peaks create a significant data association ambiguity,
making it unclear which detections correspond to the same
target without using an association algorithm.

Figure 3. Conventional CAFs from two different FM stations (left TX4, right
TX8). The multiple peaks for each of the three targets create a difficult data
association problem.

In contrast, our DPD-based method avoids this problem. For
the coarse search stage, we select shaping filter support widths
of 15 km in range and 15 m/s in velocity. This choice reduces
the number of samples required for exhaustive coverage of
the ROI from approximately 1.9×1011 to just 1.5×106. This
drastic reduction makes a brute-force search computationally
tractable.

The results of this process are shown in Fig. 4. The top
row displays the coarse-resolution DPD likelihood X-Y slices
corresponding to the target true state, revealing three distinct
peaks at the coarse target locations. The bottom row shows the
fine-resolution likelihood X-Y slices generated by our method
for suspected voxels, where the peak corresponds to a fine-
resolution detection.

VI. CONCLUSION

This paper addressed the prohibitive computational cost
of DPD for multistatic passive radar systems, particularly in
scenarios requiring a large ROI. We introduced a novel coarse-
to-fine framework founded on a key insight: by deliberately
shaping the CAF to broaden its support, the PV search space
can be represented by a small number of large voxels. This
enables an initial, exhaustive search that is computationally
tractable.



Figure 4. DPD likelihood X-Y slices. Top row: Coarse-resolution maps showing coarse localization of the three targets. Bottom row: Fine-resolution voxels
from the proposed method, where the peak corresponds to a target detection (marked by a red dot).

Our theoretical analysis established the precise relationship
between the dimensions of the shaping filter and the resulting
degradation in PNFR. We demonstrated that this PNFR loss
is proportional to the filters support, but this can be partially
offset by the processing gain of the noncoherent integration
inherent to DPD. The simulation results confirm the method’s
ability to detect and localize multiple targets, while utilizing
noncoherent gain and small number of states.

Ultimately, the proposed algorithm transforms DPD from
a computationally demanding technique, often reliant on
stochastic samplers that may fail to converge, into a robust,
deterministic search method. The PNFR-complexity trade-off
makes this approach a viable and powerful tool for wide-area
passive radar surveillance.
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