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ABSTRACT 

In passive radar, a network of distributed sensors exploit sig-
nals from so-called Illuminators-of-Opportunity to detect and 
localize targets. We consider the case where the IO signal is 
available at each receiver node through a reference channel, 
whereas target returns corrupted by interference are collected 
in a separate surveillance channel. The problem formulation 
is similar to an active radar that uses a noise-like waveform, 
or an integrated sensing and communication application. 

The available data is frst split into batches of manage-
able size. In the direct approach, the target’s time-delay and 
Doppler parameters are estimated jointly by incoherently 
combining the batch-wise data. We propose a new method 
to estimate the time-delay separately, thus avoiding a costly 
2-D search. Our approach is designed for slowly moving 
targets, and the accuracy of the time-delay estimate is similar 
to that of the full batch-wise 2-D method. Given the time-
delay, the coherency between batches can be restored when 
estimating the Doppler parameter. Thereby, the separable 
approach is found to yield superior Doppler estimates over a 
wide parameter range. 

In addition to reducing computational complexity, the 
proposed separable estimation technique also signifcantly 
reduces the communication overhead in a distributed radar 
setting. 

Index Terms— Passive radar, parameter estimation, tar-
get localization, noise radar 

1. INTRODUCTION 

A network of passive radar sensors takes advantage of exist-
ing electromagnetic signals to detect and locate targets. The 
so-called Illuminators of Opportunity (IO) can be TV or ra-
dio transmitters, or even satellites [1]. Such systems have re-
ceived much attention in the signal processing and radar sys-
tem community, due to advantages in terms of power con-
sumption and covertness among others [1, 2]. 

In passive radar, the lack of knowledge of the transmitted 
signal poses a challenge, see e.g. [3, 4, 5] for approaches to 
jointly estimate this signal and the target parameters. We as-
sume here that the Receiver Nodes (RN) are equipped with 
a separate Reference Channel (RC), directed towards the IO 
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transmitter. In essence, the (noisy) RC signal then replaces 
the IO waveform when estimating the target parameters from 
the Surveillance Channel (SC) data. Apart from noise in the 
RC, this scenario resembles an active radar using a random 
waveform [6] or an integrated sensing and communication 
(ISAC) application [7]. 

The case where an RC is available is considered, e.g. in 
[8], where also a technique to handle multipath (clutter) in 
the RC is proposed, using the principal component of the 
cross-correlation matrix between the RC and the RC signals. 
In [9], the Maximum Likelihood (ML) estimator is derived 
for this scenario, assuming both channels to be corrupted by 
White Gaussian Noise (WGN). In the present contribution, 
we consider the case of a single antenna and additive noise 
in both channels, as well as Direct-Path Interference (DPI) 
and Clutter Interference (CI) in the SC. Any physical separa-
tion between the two channels is ignored, since this can easily 
be compensated for. The Extensive Cancellation Approach 
(ECA) of [10] applies an interference cancelation followed by 
a matched-fltering approach to estimate the target parameters 
in a 2-D geometry. The statistical estimation performance of 
this approach is presented in [11]. A similar approach is also 
pursued in [12], where it is compared to the full ML that uses 
both channels to estimate the IO signal. 

The above mentioned approaches require a 2-D mapping 
over the delay and Doppler parameters to be done at each RN 
and transmitted to the Central Node (CN). The purpose of the 
present contribution is to introduce a computationally attrac-
tive suboptimal estimator at each RN, that allows estimating 
the delay and Doppler parameters separately. This yields a 
1-D mapping at each RN rather than 2-D, and at the CN the 
target localization can be done separately from the velocity 
estimation. Not only does this result in signifcant computa-
tional savings, but also the required data transmission from 
RNs to the CN is vastly reduced. Our approach is applica-
ble to the detection and localization of slow targets that are 
located within the range span of CI from stationary scatter-
ers. The focus is on the estimation problem and detection is 
not addressed herein. To the best of our knowledge, no sep-
arable delay-Doppler estimator has been presented before for 
this case. We note, though, that a separable estimator in a 
different radar array context is presented in [13]. Although 
we assume a single target, the proposed technique can easily 
be adapted to a multi-target scenario, provided the targets are 
suffciently far apart. 






 




2. PROBLEM DESCRIPTION AND DATA MODEL 

We consider a passive radar scenario where K RNs collect 
data emanating from refections of an unknown IO signal. For 
simplicity, we assume a single IO and a single target. We also 
focus primarily on the processing required at each RN rather 
than at the CN. The target of interest is moving at constant 
non-zero speed, and the goal is to estimate its position and 
velocity. The clutter is assumed to emanate from scatterers 
that remain stationary during the observation interval. The 
RNs can transmit data to a CN, and exploiting knowledge of 
the geometry of the scenario, the combined data are used at 
the CN to determine the target position and velocity. Thus, the 
positions of the IO and all RNs are assumed to be known at the 
CN. Further, the data from different RNs are synchronized to 
time-delay (relative the bandwidth), but not to phase (relative 
the carrier), see e.g. [14]. 

jωcThe IO transmits a signal ℜ{s(t)e t}, where s(t) is 
the baseband complex envelope and ωc the carrier frequency. 
Each RN is equipped with a Reference Channel (RC) and a 
Surveillance Channel (SC). The RC obtains a copy of the 
transmitted waveform s(t) at high SNR: x(t) = a s(t)+n(t). 
This is used as a reference in the SC signal, which is expressed 
as 

y(t) = b̃s(t) + y c(t) + d s˜ (t − τ )ejωt + ẽ(t) (1) 

= b x(t) + y c(t) + d x(t − τ )ejωt + e(t) . (2) 

In (1), the frst term is the DPI, the second contains clutter 
from stationary objects (see further below), the third is the 
target refection, and the last term is receiver noise. The fac-
tor ejωt represents the Doppler effect due to the target motion, 
which is assumed to be with constant velocity during the data 
collection interval. In (2), we use the RC signal x(t) in lieu of 
the unknown waveform s(t), so the amplitude parameters, as 
well as the noise term, are defned relative to the RC ampli-
tude a. The noise term in (2) also accounts for the noise in the 
RC x(t). Since the SNR is assumed to be much higher in the 
RC channel, this contribution is ignored here. The effect of 
reference channel noise on estimator performance is further 
studied in [11]. 

The data model (2) is identical for all RNs, but with dif-
ferent amplitudes, time-delays τ and Doppler frequencies ω, 
as given by the geometry of the scenario. We focus frst on the 
required processing at a single RN, and use (2) as the generic 
model. Let the data collection time in the SC be 0 ≤ t < T , in 
which N samples are collected at time instances tn = n∆T , 
∆T = T/N , n = 0, . . . , N − 1. We assume a slowly mov-
ing target (dozens of m/s), and the number of samples is large 
(> 105). For practical reasons, the data set is divided into M 
non-overlapping batches that are processed independently as 
detailed below. Each batch contains Q = ⌊N/M⌋ samples. 
The mth batch of SC data then consists of the Q × 1-vector 
y , with elements {y(tn)} for n = {(m−1)Q, . . . , mQ−1}.m 
From (2), the SC batch data vector is modeled by 

y + yc (τ) ⊙ v(ω) + em , (3)m = bmxm m + dm xm 

where xm and em are defned conformably with y andm 
xm(τ) is the vector xm with a time-delay τ , which is here 

treated as a real-valued parameter. Further, the target Doppler 
is modeled by the length-Q DFT vector v(ω), 

jω∆T jω(Q−1)∆T ]Tv(ω) = [1, e , . . . , e , (4) 

and ⊙ represents the Schur/Hadamard product (elementwise 
multiplication). 

For a fnite-bandwidth signal, the CI yc can be well-k 
approximated using a Finite Impulse Response (FIR) model 

LX X 
yc ≈ clxm(l∆T ) = clxm(l∆T ) ,m 

l∈L l=1 

where the set L, of cardinality L contains the range of time 
delays l for which we expect clutter returns. For the sake 
of simplicity, we assume in the second equality that L = 
{1, . . . , L}. Hence, the clutter vector in (3) is written as 

yc = Xmcm , (5)m 

where Xm is a Q × L Toeplitz matrix containing samples 
of x(tn) for (m − 1)Q − L ≤ n ≤ mQ − 2, and where 
cm = [c1, . . . , cL]

T is the vector of FIR flter coeffcients. It 
is assumed that L < Q − 1 and that Xm has full column rank 
for all m. Due to the time-delay in the clutter flter, there will 
be some data overlap between the Xm matrices, and the RC 
data must be available L samples before the SC begins. 

3. TARGET PARAMETER ESTIMATION 

The proposed estimation methods have the following steps, 
similar to [10]. First, each RN uses the RC output to cancel 
the DPI and CI in the SC, and subsequently the target’s time-
delay and Doppler parameters are estimated. These are fed 
to the CN, which performs the matching to the target position 
and velocity parameters. 

3.1. Baseline Approach: Full 2-D Search 

Inserting (5) into (3), we express the SC data at the m:th batch 
as 

ym = XI fI + dm âm(τ, ω) + em , (6) 

where we have combined the DPI and the clutter components 
into the single interference term XI fI = [xm, Xm] [b , cT ]T .m m 
Further, the ”steering vector” â(τ, ω) is defned by 

ˆ (τ, ω) = xm (7)am (τ) ⊙ v(ω) . 

Following [10], see also [11], a Least-Squares (LS) ft of the 
interference model results in an effective cancellation. Defne 
the orthogonal projection matrix onto the orthogonal comple-
ment of the span of XI as 

⊥ � �−1 
Π̂ = I − Π̂ = I − XI XH XI XH . (8)I I 

The linear LS ft w.r.t. fm then results in the interference-
cleaned LS criterion 

2⊥ 
ℓ(dm, τ, ω) = Π̂ (ym − dm âm(τ, ω)) . (9) 



Substituting the minimizing dm from (9) back into the 
criterion then leads to a maximization of the following 
interference-canceled and normalized version of the 2-D 
delay-Doppler ambiguity function: 

⊥H|â (τ, ω)Π̂ y |2 
m m HPm(τ, ω) = = y P̂ 

m(τ, ω) y ,⊥ m mHâm(τ, ω)Π̂ âm(τ, ω) 
(10) 

where P̂ 
m(τ, ω) is the orthogonal projection matrix onto the 

⊥
range space of Π̂ âm(τ, ω) : 

⊥ ⊥H 
ˆ Π̂ âm(τ, ω)â (τ, ω)Π̂ ⊥mPm(τ, ω) = = I − P̂ (τ, ω) .⊥ m 

ˆ (τ, ω) ˆ âm(τ, ω)Ha Πm 
(11) 

In principle, the amplitude parameters are the same in 
all batches for the kth RN. However, the interference can-
cellation is done in each batch independently to reduce the 
complexity and allow parallel processing. In the baseline ap-
proach, the resulting “power functions” (10) are then added 
incoherently to form the aggregated inference statistic 

MX 
Pk(τk, ωk) = Pm(τk, ωk) , (12) 

m=1 

where we have applied the index k for the kth RN. Note that 
(12) is different from the ECA-B approach of [10], where the 
batches are combined coherently. Although (12) depends im-
plicitly on the target position and velocity, the kth receiver 
node can only evaluate the criterion with respect to the tar-
get delay and Doppler parameters relative its own position. 
Thus, at node k, (12) is computed on a (τk, ωk)-grid, and the 
“signifcant” values are transmitted to the CN for further pro-
cessing. 

3.2. Target Localization 

The fnal step is to combine the delay-Doppler information 
from all receiver nodes at the central node. The available data 
are the sampled versions of (12) from all nodes. Since the 
data are independent, they are simply added to form 

KX 
VK (θ) = Pk(τk(θ), ωk(θ)) , (13) 

k=1 

where τk = τk(θ) and ωk = ωk(θ) are known functions of 
the 4-D target parameter vector θ, which contains the (x, y) 
coordinates as well as its speed in the x and y directions. The 
global LS estimator is now to perform a search of (13) over 
the target parameters in 4 dimensions. For each hypothesized 
target localization and velocity, the corresponding time-delay 
and Doppler parameters are calculated for each node. The 
resulting value of (12) is added to the global “power func-
tion”, and if this sample is missing at a particular node, we 
simply add zero. It should be noted that the discretizations of 
(τk, ωk) at the different RNs are not synchronized, and cau-
tion is required when combining their information [15]. It 
is also noted that once the target parameters are estimated, a 
target decision should follow, as in e.g. [15]. 

3.3. Separable Delay and Doppler Estimation 

Recall the data model (6). The terms in the DFT vector v(ω) 
jqω∆Tare of the form e for q = 0, . . . , Q − 1 with Q = 

⌊N/M⌋. If |ω∆T | ≪ 1/Q, we can perform a frst-order ap-
jqω∆Tproximation e ≈ 1+jqω∆T . Thus, the steering vector 

is approximated as 

âm(τ, ω) = xm(τ) ⊙ v(ω) ≈ xm(τ) + D xm(τ) jω∆T , 

where D = Diag(0, 1, . . . , Q − 1). Next, it is assumed that 
the target position is within the range of the clutter extent, 
so that the frst term above is annihilated by the interference 
projection. Therefore, 

⊥ ⊥ 
Π̂ âm(τ, ω) ≈ Π̂ D xm(τ ) jω∆T , 

and the interference-cleaned 2-D delay-Doppler ambiguity 
function (10) becomes 

⊥H|â (τ, ω)Π̂ y |2 
m m(τ, ω) =Pm ⊥Hˆ (τ, ω) ˆ âm(τ, ω)a Πm 

⊥ 
|xH (τ )DH Π̂ y |2 

m m≈ , (14)⊥ 
xH (τ)DH Π̂ Dxm(τ )m 

i.e. a function of τ only since the ω2 factor cancels. This 
means that we can perform a 1-D search over τ , instead of 
a 2-D search over (τ, ω), as in (12). Further, collecting data 
Pk(τk) from all K RNs at the CN, we can determine the tar-
get position that maximizes the sum over k, similar to (13). 
But since just τk is involved, the sum is a function of tar-
get position only, not velocity. Hence, the target localization 
is separated from the velocity estimation, which reduces the 
search from 4-D to 2-D, assuming a planar scenario. 

Once the time-delay estimate τ̂k is obtained, either locally 
at node k or globally at the CN, the Doppler parameter ωk 
can be estimated by fxing τk = τ̂k in (12) and searching over 
ωk only. However, this can result in a high penalty in terms 
of statistical performance, since the baseline Q for estimating 
the Doppler may be signifcantly reduced compared to the full 
data length N . Therefore, we propose to instead use the es-
timated target amplitudes in each batch, which are related by 
dm = ejΩ∆Tmd0, where d0 is the amplitude when M = 1 
and Ω = Qω is the Doppler phase shift from one batch to the 
next. Provided |ω∆T | < 2π/Q, we can uniquely recover ω 
from an estimate of Ω. From (9), the estimated target ampli-
tude, for a fxed τ̂k, is obtained as 

⊥Hâ (ω, τ̂k)Π̂ yˆ m mdm = ⊥Hˆ (ω, ˆ Π am τk)a τk) ˆ ˆ (ω, ˆm 
⊥ 

1 xH (τ̂k)DΠ̂ ym m≈ (15)
jω∆T ⊥ 

xH (τ̂k)DΠ̂ Dxm(τ̂k)m 

Since ω is unknown, we cannot calculate d̂  
m. But note that 

̸ d̂  
m = ̸ d̃  

m − π/2 , 
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where d̃  
m is the amplitude estimate without normalization 

⊥Hd̃m = x (τ̂k)DΠ̂ y .m m 

Hence, the proposed method is to apply Tretter’s method [16] 
to d̃  

m, which is to ft a straight line to the (unwrapped) phase 
sequence ϕ̂ 

m = ̸ d̃  
m. If d̂  

m ≈ dm, then we have 

ϕ̂ 
m ≈ Ω∆Tm + ̸ d0 + π/2 , m = 1, . . . , M. 

Therefore, the slope of the linear regression gives Ω̂ 
k, and 

then we take ω̂k = Ω̂k/Q. Since this is an explicit solution 
for ω̂, the separable approach reduces the computational cost 
by a factor equal to the number of grid-points in ω required 
for the 2-D search. 

4. NUMERICAL EXAMPLES 

In this section, we present some numerical performance stud-
ies of the proposed method in the form of Monte Carlo sim-
ulations. Only a single “bistatic pair” (one IO and one RN) 
is considered, as well as a single target at random location 
(then kept fxed) within the clutter range. Figure 1 displays 
the impact of the number of data batches M on the Root 
Mean Square Error (RMSE) of the estimates. The length of 
the batches is kept constant, equal to the maximum amount 
of samples for which a regular laptop can handle the interfer-

214ence cancellation, namely Q = samples (provided that 
L ≪ Q, which in our case was chosen to be L = 70). Our 
focus is on slow targets, and the results for three different 
|ω0| are shown: “low” |ω0| ≈ 50 rad/sec, “mid” |ω0| ≈ 250 
rad/sec and “high” |ω0| ≈ 450 rad/sec, where ω0 is the true 
Doppler frequency. The sampling rate is ∆T = 4 × 10−8 

seconds. 
The full 2-D search was carried out using the Nelder-

Mead algorithm with the ground truth (τ0, ω0) as starting 
point, while for the proposed method we started with a coarse 
grid search along the τ dimension only, followed by a fner 
search within the optimal interval; the estimation of τ0 was 
then used to retrieve ω0, using the Tretter’s regression de-
scribed in Section 3.3. We can see that if the batch size is 
large enough, the 1-D time delay estimations are as good as 
those in the 2-D incoherent full search, and the latter is out-
performed in the Doppler estimations across all the regimes 
tested. 

The qualitative notions of “low” and “high” ω0 are fur-
ther examined in Figure 2, with the total data length fxed at 
N = 216 samples. As expected, there is a threshold effect for 
slow targets when the batch size is too small (increasing M ), 
which is not present for the 2-D approach due to the perfect 
initialization. For large enough batch size, the performance 
remains solid also for very small ω0, and the proposed method 
outperforms the reference in Doppler estimation. 

5. CONCLUSIONS 

In this work we propose a method for time-delay and Doppler-
frequency estimation of slowly moving targets using an 

(a) 

(b) 

Fig. 1: RMS error for a) time-delay and b) Doppler frequency 
estimates versus the number of batches. The size of each 
batch is fxed, so N increases with M . 

(a) 

(b) 

Fig. 2: RMS error for a) time-delay and b) Doppler frequency 
estimates versus the target’s Doppler frequency. The total 
data length N is fxed. 

arbitrary-waveform sensor. Our approach leverages a frst-
order approximation of the data model to estimate the two 
parameters separately, yielding signifcant computational 
savings, particularly in a distributed radar settings with fast 
sampling and large data streams. The numerical study indi-
cates that, given a suffciently large batch size Q, the proposed 
approach estimates the time-delay parameter as accurately as 
does the incoherent full 2-D estimator over a wide range of 
target speeds, while the Doppler estimates are improved for 
the separable approach across all tested regimes. 
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