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Abstract. Passive localization using sensor networks often employs direct position determina-
tion (DPD), which performs well in low-SNR conditions. To improve the localization spectrum
for subsequent multi-source data fusion, this paper proposes a refined DPD method based on max-
imum eigenvalue trace (MET-DPD). Unlike conventional DPD, which uses only the maximum
eigenvalue, MET-DPD exploits eigendecomposition information more thoroughly by construct-
ing a cost function from the ratio of the maximum eigenvalue to the sum of the remaining eigen-
values of the signal covariance matrix. Simulations show that MET-DPD yields a sharper and
more accurate spectrum than existing methods, thereby providing higher-quality preprocessed
image data for fusion with optical, infrared, and other sensing modalities.

Keywords: direct position determination, sensor networks, localization cost function, eigen-
value decomposition

1 Introduction

Passive localization technology has become a research hotspot in recent years and is widely
used in military and civilian fields [1-3], including target reconnaissance, electromagnetic detection,
and smart city applications. It enables the detection and localization of emitters such as drones and
communication base-stations.

With the performance improvement and increasingly widespread deployment of advanced sen-
sor technology [4, 5], how to efficiently utilize sensor networks to achieve high-precision perception
of the surrounding electromagnetic environment has emerged as a current research focus. When
electronic devices such as drones or base-stations transmit signals, sensor networks can intercept
these signals and estimate the positions through passive location technology.

Currently, mainstream passive localization approaches are divided into two-step methods and
direct position determination (DPD) methods. In two-step methods [1, 4], the intermediate localiza-
tion parameters, such as Direction of Arrival (DOA), Time Difference of Arrival (TDOA), Frequency
Difference of Arrival (FDOA) or their varying rate, are first estimated from the intercepted signals.
Then, the position is calculated based on these parameters. This approach has a clear physical inter-
pretation and relatively low computational complexity. However, it is inherently suboptimal and less
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effective in processing weak signals. The DPD methods [2—4], also known as the one-step methods,
process the intercepted signals directly by constructing a localization cost function to estimate the
emitter position. By avoiding explicit estimation of intermediate parameters, it represents an opti-
mal estimator and performs better under low signal-to-noise ratio (SNR) conditions. Nevertheless,
because it operates directly on the raw intercepted signals, DPD methods entail higher transmission
requirements and computational complexity [2, 3].

This paper focuses on direct position determination for three main reasons: the increasing pro-
liferation of electronic devices in modern urban environments leads to weaker signals intercepted
by sensor networks [5, 8], necessitating high localization accuracy under low-SNR conditions; ad-
vancements in modern mobile communication technologies and high-performance computing net-
works have significantly reduced transmission and computational costs, making DPD feasible [10];
DPD method can generate a cost function spectrum over the region of interest, which facilitates
subsequent multi-source information fusion with optical, infrared, or other image data for enhanced
situational awareness [8].

The existing research on multi-station direct position determination primarily aims to im-
prove localization accuracy and reduce processing complexity, including refining the localization
cost function [7], optimizing the position search algorithms [7, 9], and enhancing the system work-
flow [6]. Some studies utilize the signals characteristic information and refine the cost function for
accuracy improvement [6,7]. The above studies focus on independent localization processing and
obtaining estimated position of emitters, rather than considering the cost function spectrum image
as pre-processing data for further multi-source information fusion in reconnaissance and sensing.
Nevertheless, with the development of advanced sensor networks, it is necessary to consider how to
integrate data from various types of sensors including optical and infrared ones, which is the main
difference between the starting point of this study and existing research.

In this paper, a novel DPD cost function based on Maximum Eigenvalue Trace (MET) is pro-
posed to improve the pre-processed data quality for subsequent multi-source perception information
fusion. Section 2 formulates the signal model in sensor networks, while in Section 3, the proposed
MET-DPD method is described in detail. Cramér-Rao Lower Bound and simulations are illustrated
in Section 4 and Section 5 to prove the effectiveness. Finally, Section 6 concludes this paper.

2 Signal Model

In this section, the signal model is established. The space dimension is denoted as d = 2, which
can be adapted to 3-D scenario. The emitter is located in unknown position ug = [xo, yo]T. As shown
in Fig.1, there are M spatially separated sensors deployed to passively receive signals transmitted
from the emitter ug. The signal is expressed as

s(1) = x(t) exp (27 fot) (1

where j is the imaginary unit with j2 = —1, x(¢) denotes the baseband signal and the bandwidth
of x(t) is W, fy represents the carrier frequency. The position and velocity of the m'™ sensor are

P = [x0,y%]T and v, = [%9,,79]7. Assume that signals are transmitted through line-of-sight (LoS)
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Fig. 1. Schematic Diagram of Localization Scenario

propagation and the multi-path effect can be ignored. The intercepted signals by m" sensor can be
represented as

Fm(t) = amx(t — 15) exp(j27 fo) + 0 (1) 2)

with the signal attenuation factor a,,. The propagation time 7;, and the doppler frequency shift f;,
are given by

0 — luo-py

o _ ¢ vhun-p,)
0 __ Vin U0 —P,
T = oy =p,t
where c is the propagation speed of signals. @, (¢) represents the addictive white Gaussian noise

with variance 62.
The signal in (2) can be reformulated by

3)

rm(t) = bmr‘fJ(t — %) exp(j27 fynt ) + Wi (1) )

with ~ ) ,
A )
Fu= 10— 10
where r{ is the noise-free reference signal received by the 1% sensor, by, = an/a; is real-valued
relative gain between the signal of m" sensor and the reference signal.

It is important to note that the time delay and Doppler shift are not quantities to be estimated,
but only work as intrinsic parameters to establish a connection between the intercepted signals and
the emitter position.

Sample r,,(¢) discretely with sampling frequency f;, so the uniform time interval is t; = 1/ f;.
The sampled signal can be written as r,,(n) = r,y(t = nts),n = 1,2,...,N. Reformulate the discrete
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Fig. 2. Simulation Scene
signal as
_ H 0
rm=0b,Ds F" Dy Fr{+wy (6)

Denote the Doppler frequency shift operator and the time delay operator as

Dy, = diag {exp[j27fu(N/2+n)]}

D, =diag{exp[—j2nfs/Nn%,]} )
where n = [-N/2,—N/2+1,...,N/2 —1]T is the index sequence, and the fast Fourier transform
(FFT) matrix is F = ﬁ exp{j2nnn’ /N}.

Define the time-frequency operator of m'" sensor in /' interval as
Q,=D; F'D, F (8)
(6) can be reformulated as
P = @y + Wi )

This model is applicable to stationary sensor networks, where relative motion is absent.

3 Refined Direct Position Determination with Maximum Eigenvalue Trace

In this section, a refined direct position determination method based on the maximum eigen-
value and the trace (MET-DPD) is proposed. Compared to the classic DPD based on the maximum
eigenvalue, MET-DPD can make fuller use of signal feature information, thus improving processing
performance.
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Fig. 4. Cost Function Spectrum of MME-DPD

The unknown parameter set is defined as
6 =[(r)".b"u")" (10)

with the relative attenuation factor b = [by, ..., by|".
The log likelihood function of intercepted signals by sensor networks is given by

InP(r|6) — b1 (11)

where ¢ is a constant independent of b.
The likelihood function in (11) can reach global minimum when u is the true source position.
The localization cost function is

Z IIrm Q| (12)

by, can be estimated by maximum-likelihood (ML) criterion by setting the partial derivative of (12)
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Fig. 5. Cost Function Spectrum of MET-DPD

as zero [2,7]

~ (r‘l’)HQZrm
by, =~ =Zmm 13
e )
Substitute (13) into (12)
H M 1 H
(rtll) ( Z zo-QOrmrng> rtll
Clu,r,b) = m=] (14)

7112

r9/||Ir|| is the eigenvector corresponding to the maximum eigenvalue of AXX" with X =

[rl ) Qélr27 (X3 QI\H/[rM]’ A= dlag{1/61 ’ 1/027 teey 1/(‘FM}
The DPD cost function based on the maximum eigenvalue is denoted as [2, 3]

Cppp(U) = Apax(AXX') (15)

where,q.(-) is the maximum eigenvalue. Note that the non-zero eigenvalues of XX are equal to
the non-zero eigenvalues of X7 X. The classic cost function can be rewritten as

Cppp () = Anax(AX"X) (16)

The eigenvalue decomposition information is not utilized completely in (16). The physical
meaning of the maximum eigenvalue and the trace of AXX correspond to the energy of emitter
signal and the energy of the intercepted signal respectively. Refine the cost function in (16) as

Amax(AXTX)
o/ -
20 () = XX — e (AXPX)

a7

where tr(-) represents the matrix trace. The physical meaning of (17) is the ratio of emitter signal
and noise, which can better reflect characteristic information of the intercepted signals.



4 Cramér-Rao Lower Bound

The Cramér-Rao Lower Bound (CRLB) provides a theoretical lower limit for the accuracy of
unbiased estimation in localization. Define the unknown real-valued parameter vector as {, which
includes the real part Re{r°} and imaginary part Im{r°} of the reference signal, relative gain b =
[b1,...,by]T and the emitter position u.

& = [Re{r"}, Im{r’},b,u]" (18)

The Fisher Information Matrix (FIM) of § under the additive white Gaussian noise scenarios

is denoted as
Jr"r" Jr"b Jr”u
Je=|Jdbro I Jpu (19)
Jur" Jub Juu

where the second-order partial derivatives are

n2 r
el =—E lW] (20)

For the intercepted signal model in Section 2, there are

|1 Oy
Jrore = {ON 11]
Jyop = [Re(J3) Im(J3)]" 1)

Jrou = [Re(Js) Tm(J4)]"
Jbu = RG(J5), Jbb =0, Juu=1Js

where ,
=2y, L=YiE)riy
Ji=0c-(A"B), J,=0-(A"C) (22)
Js=0-(B"C), Js=Y4-(CiCp)

where 6 is the noise variance vector, ® is the Kronecker product, and matrices A, B, C given by

o=[l/o1,1/02, -+ ,1/0um]
A= [blgl,szz,"' abMQM]T

. 0 (23)
B =diag{b;0,,0:0,, -+ ,.byQu} - Iy ®71°)
C=1[Ci,Cs,---,Cu)"
Cm — QOr QOr (24)

dx ' dy
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Fig. 6. Difference Rate to Actual Spectrum

Define e = [b,u]”. The formulation (19) can be rewritten as

Jroro Jroe
FIM = 25
|:J ero Jee :| (23)
Thus, the FIM of e can be simplified as
FIM =Je — I T rohod roe (26)

The CRLB for estimating the emitter position u can be obtained by taking the inverse of the
Fisher matrix J, ! and extracting its lower-right 2 x 2 submatrix. The above derivation is also appli-

cable to three-dimensional scenarios by extracting its lower-right 3 x 3 submatrix.

5 Simulation

In this section, simulations are conducted to validate the effectiveness of MET-DPD method.

The distribution of sensor networks and emitter is shown in Fig. 2. The emitter is located at
up = (—50,0)m. M=5 sensors are deployed and the initial positions (m) and velocity (m/s) are p; =
(1500,—1000), p, = (—1000,1000), p; = (10,1200), p, = (1200,1000), p5 = (—1500,—1200)
andv; = (5,-5), v, =(0,—6),v3 =(—5,5), v4 = (4,0), vs = (5,2). The emitter signal is linear fre-
quency modulated (LFM) pulse signal, with the bandwidth B,, = 3MHz, sampling rate f; = S0MHz
and carrier frequency fp = 1GHz. The number of pulses is 10 and the duration of each pulse is
T = 100us.

Several DPD methods are simulated to prove the effectiveness of proposed MET-DPD. The
first method, ME-DPD, is the traditional DPD method based on the maximum eigenvalue [2,3]. The



second method is refined DPD method based on the ratio of maximum eigenvalue and minimum
eigenvalue [11], named MME-DPD. The third one is the proposed MET-DPD method.

The cost function spectrum of the DPD methods with SNR=-10dB, 0dB, 10dB are shown in
Fig. 3, Fig. 4, Fig. 5. Compared with ME-DPD and MME-DPD, the proposed MET-DPD can form
sharper spectral peaks in the area of interest, thus providing higher-quality preprocessed image data
for subsequent multi-source information fusion. To quantify the performance, the difference rate to
the actual spectrum is calculated; this metric represents the discrepancy between the cost-function
spectrum and the actual spectrum. Note that the actual spectrum is defined as having a value of 1
at position g and 0 elsewhere. As shown in Fig. 6, the proposed MET-DPD can bring a significant
improvement in the quality of preprocessed image data by utilizing more eigenvalue decomposition
information.

6 Conclusion

To accommodate future large-scale sensor network technology, this paper proposes a refined
MET-DPD method to obtain the localization cost function spectrum. Passive localization in sensor
networks has attracted sustained attention because it can support electromagnetic situational aware-
ness, target monitoring, and cooperative sensing without requiring active signal transmission. In
practical environments, however, weak intercepted signals, background noise, and the increasing
density of electronic devices make it difficult for conventional methods to generate a clear spectrum
for reliable downstream analysis. Against this background, improving the quality of the localization
spectrum is meaningful not only for position estimation itself, but also for subsequent information
fusion and scene understanding.

By more fully leveraging the eigen-decomposition information, including the maximum eigen-
value and matrix trace, of intercepted signals, the proposed MET-DPD method produces a sharper
and more discriminative cost-function spectrum than existing DPD variants. The simulation results
demonstrate that the method can better highlight the true emitter position and suppress irrelevant re-
sponses over the search region. As a result, it provides higher-quality preprocessed image-like data
for subsequent multi-source fusion with optical, infrared, and other sensing modalities. These char-
acteristics make the proposed approach a useful complement to future intelligent sensing systems
based on large-scale heterogeneous sensor networks.
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