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A collection of unmanned aerial systems (UAS) can be networked as a cooperative wireless

sensor array to geolocate an unknown-location RF emitter using time-based measurements.

In operation, however, environmental multipath and hardware errors in sensor positioning

and timing can degrade emitter localization accuracy and limit the practicality of single-

snapshot solutions. This dissertation evaluates time-of-arrival and time-difference-of-arrival

(TOA/TDOA) geolocation for cooperative UAS arrays under realistic error sources and

develops geometry-control strategies that actively reduce localization uncertainty through

iterative UAS repositioning.

This work studies the Location On a Conic Axis (LOCA) method for emitter localization.

Using Monte Carlo simulations with hardware error models and environment-induced excess

delay, including multipath statistics consistent with ITU-R P.1411, results show that LOCA

remains close to the Cramér–Rao lower bound and benefits consistently from increased sensor

redundancy. Across the evaluated mission volumes and error budgets, the most significant

improvement occurs when increasing from five sensors, the minimum required for 3D lo-

calization, to six sensors, with diminishing returns observed beyond approximately eight

sensors.

A primary contribution of this dissertation is the use of a subset-based LOCA solu-

tion cloud to provide dispersion-based convergence metrics without requiring knowledge of

the true emitter location. These uncertainty metrics are then used to guide reinforcement-
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learning-based geometry controllers that dynamically reposition the UAS array between

localization snapshots to reduce uncertainty and drive the solution cloud toward a compact

and consistent region. In comparative policy experiments, active geometry adaptation re-

duces localization uncertainty within a small number of repositioning steps and achieves

substantial reductions in localization error relative to static sensing.

Finally, the learned geometry-control behavior is validated in an EXata digital-twin en-

vironment that includes Rician fading and adverse weather. The EXata results demonstrate

stable convergence and faster refinement than the baseline simulation, supporting the fea-

sibility of adaptive geometry control for cooperative UAS geolocation under more realistic

propagation conditions. Collectively, these results show that for small cooperative UAS

arrays operating in dense multipath environments, adaptive geometry becomes a primary

mechanism for efficient convergence on an unknown emitter location.
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Chapter 1

INTRODUCTION

1.1 Background

In modern sensing systems across multiple domains, networked “unmanned aerial sys-

tems” (UAS) are becoming more common [1] for autonomous missions. A collection of UAS

with the capability to establish a “wireless ad hoc network” (WANET) results in a cooper-

ative wireless sensor array with a dynamic geometry reconfiguration capability that can be

deployed to measure the position of an RF emitter of interest [2,3]. As an example applica-

tion, a search and rescue mission might require the ability to obtain the geolocation estimate

of an emergency transponder beacon whose location was previously unknown [3].

It is highly desirable to obtain an estimate of a sensed emitter’s location that is accu-

rate and requires as few measurements and computations as possible. This is particularly

true when the emitter of interest is transmitting signals of very short time duration. It is

well-known that an array’s collective Field of View (FOV) with respect to a transmitter lo-

cation greatly affects emitter location estimates, particularly for time-based emitter location

algorithms that are sensitive to the relative geometry of the sensor array and its orientation

to the emitter [4, 5]. This motivates the use of a cooperative wireless independently-mobile

UAS sensor array since it can dynamically reconfigure its array geometry to improve its

localization estimate [6].

The agility and adaptability of a UAS network configured as a cooperative wireless sensor

array also offers additional desirable characteristics. When the array is comprised of relatively

small UAS, search areas that are not possible to navigate with larger fixed-wing aircraft or

satellite-based systems, such as confined spaces within a building, underground tunnels,

caves, or beneath a foliage canopy, can be practically accessed by the UAS array. Also,

the UAS-based sensor array can operate in hazardous areas such as hostile and radiation- or
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chemically-contaminated spaces that would otherwise not be accessible for a system requiring

human operators aboard.

Although the UAS-based wireless sensor array provides significant advantages in com-

parison to fixed array systems that may require the presence of human operators, there are

technical challenges in designing such a system. A primary motivating factor for choosing

a time-based emitter location methodology is the challenge in implementing phase coher-

ence among the array receivers [7]. When each of the multiple individual sensor apertures

is coupled to a different RF receiver, the apertures are not typically phase coherent since

synchronization of the receivers’ local oscillators (LO) is difficult to achieve and maintain.

The carrying capacity of each UAS can limit the overall allowed payload weight and may

require the use of lightweight and less effective onboard assets. Space and weight limitations

also restrict the power capacity of onboard batteries, thereby reducing the amount of time

that the array can operate before a recharging cycle is required.

In view of these advantages and challenges, the implemented wireless sensor array emit-

ter geolocation techniques should depend on simple and low-power computations while also

completing as quickly as possible. Certain other methods of emitter geolocation, such as

those that depend upon received signal phase differences or other coherency requirements,

such as phase interferometric or cyclostationary approaches, are often impractical to imple-

ment. These observations motivate us to consider time-based emitter location approaches

that are well-known to have sensitivity to the array geometry and can thus take advantage

of the dynamic reconfiguration capability of the array.

“Time of Arrival” and “Time Difference of Arrival” (TOA/TDOA) emitter location meth-

ods depend upon solutions of analytical geometry equations in two- or three-dimensions that

are defined by the relative positions of the sensor locations and the emitter of interest. In

such approaches, emitter location accuracy can be very sensitive to the overall geometry of

the array in relation to the true emitter location. The range of the emitter with respect to the

sensors is obtained as the product of the timing measurements with the signal propagation

speed, typically, the speed of light, c. Due to the large magnitude of electromagnetic signal

propagation speed, large changes in the emitter location estimates can occur due to rela-

tively small sensor timing errors or localization errors. For this reason, we are particularly
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concerned with the effect of these two error sources in a UAS array.

While the local UAS clock sources may be fairly stable and of high frequency through the

use of small atomic clocks and accurate frequency multiplication circuitry, the challenge of

clock signal synchronization among the array sensors can nevertheless induce timing inaccu-

racies. Clearly, high-frequency local clock sources are desired to provide as much resolution as

possible, and low-drift and jitter are equally important to reduce emitter location estimates

due to local timing source inaccuracies.

1.2 Problem Statement and Hypothesis

The use of a cooperative UAS array to find an unknown-location emitter is constrained

both by local errors, which are those inherent in the UAS hardware, and by environmental

errors like multipath that further distort the emitter signal information. This localization

system must overcome these challenges to accurately determine the emitter location.

Our hypothesis is that if a cooperative UAS array utilizing time-based localization meth-

ods can intelligently adapt its geometry, then it can efficiently reduce localization error in

complex multipath environments and quickly converge on an accurate localization solution

for an unknown-location emitter.

Therefore, the primary contribution for this dissertation is a geometry controller that

dynamically repositions the UAS array to improve localization performance. The meth-

ods include adaptive feedback to the array geometry based on measurement heuristics and

machine-learning-based controllers, and this study evaluates the performance of the con-

troller in Monte Carlo simulations and the EXata digital-twin environment.

1.3 System Architecture

In the cooperative UAS scenario described here, the UAS positions may be known via the

use of the relatively accurate Global Positioning System (GPS) or other navigational systems;

however, the UAS comprising the sensor array are individually hovering during the time that

TOA/TDOA values are obtained and thus induce a localization error source we term as “hover

drift.” Other small sensor positioning errors due to variations in environmental factors, such

as wind gusts, can cause further degradation in sensor localization. Furthermore, in some

environments, GPS may be unavailable requiring an alternative sensor localization approach.
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We are motivated to consider the UAS-based cooperative wireless array since the accuracy

of emitter location estimates can be partially mitigated using emerging sensor and subsys-

tem technologies that bound the error sources. Specifically, in terms of sensor localization

error, we consider the case wherein each UAS incorporates an on-board LiDAR subsystem

that permits fine-grained measurements of sensor positioning, such as that described in [8].

Likewise, in terms of local timing source errors, the emergence of small portable “Chip Scale

Atomic Clocks” (CSAC) can provide a basis for a local timing source that is of high resolu-

tion and offers low drift and jitter rates [9], [10]. The assumed hardware architecture and

representative subsystem bounds used in this study are described in Section 3.3.

The observations regarding sensor location and local clock source inaccuracies, combined

with the use of emerging and recent technology advances, motivates us to analyze the sensi-

tivity and resultant accuracy of the emitter location estimates assuming the presence of the

aforementioned technology within the UAS sensor array. The representative architecture of

the hardware studied in this work is shown in Fig. 1.1.

This dissertation focuses on the geolocation of a single, stationary RF emitter using this

cooperative UAS array. Extensions to multiple simultaneous emitters or to moving targets

are outside the research scope, however, they are appropriate for future studies. Similarly,

inter-UAS collision avoidance and obstacle avoidance are assumed to be handled by the

autonomy of the UAS system and can rely on the onboard LiDAR for continuous physical

geometry feedback. Instead, the geometry controller operates at a higher level to provide

navigational comamnds that maintain sufficient UAS separation under nominal operating

conditions. Last, while the controller developed in this work is implemented in a quantitative

simulation and in digital twin model of both the environment and the hardware, the physical

implementation of the system is left as an opportunity for future development.
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Figure 1.1: A representative functional block diagram of the UAS emitter localization system.

1.4 Summary of Following Chapters

In Chapter 2 [11], we summarize RF emitter geolocation approaches with an emphasis on

TOA/TDOA-based methods. This background provides context for the algorithm choices

in this study and motivates the use of time-based observables that are compatible with

lightweight, non-phase-coherent UAS payloads.

In Chapter 3, we extend the Location On a Conic Axis (LOCA) algorithm to the use case

of the cooperative UAS array comprised of at least five sensors and we describe the generation

of LOCA solution clouds for three-dimensional localization. We define estimate refinement

approaches based on the measurement uncertainty metrics of spherical and elliptical error

probable (SEP and EEP). The UAS hardware implementation and subsystem performance

bounds are summarized in Section 3.3 and are referenced later when defining error models

and simulation parameters.

In Chapter 4, we analyze and quantify the impact of hardware and environmental error

sources on time-based emitter geolocation approaches. First [11], we define local hardware

error models and compute the Cramér–Rao lower bound (CRLB) for localization perfor-

mance. Next, we study atmospheric loss and multipath effects and develop an accumulated

error model to incorporate and quantify these effects in sensor measurements. Our simula-

tions evaluate the accuracy of emitter location estimates versus environmental impacts and

our results provide insight into the sensor quantities needed to mitigate localization error in

complex multipath settings.

In Chapter 5, we develop and evaluate geometry-control strategies that dynamically

reposition the UAS array to improve localization performance. We compare controllers that

are based on measurement heuristics and utilize machine learning to study the cumulative
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impact of hardware and environmental errors and ways to mitigate these errors. We verify

our performance with the EXata digital-twin environment, and we analyze the performance

of our controller under various environmental constraints.

In Chapter 6, we provide a summary of the final architecture and evaluate its performance

with a variety of test conditions.

In Chapter 7, we summarize the primary findings and discuss opportunities to extend

the system into different use cases.
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Chapter 2

BACKGROUND THEORY

2.1 Geolocation Approaches

This section summarizes RF emitter geolocation approaches and motivates the selection

of the algorithm for the studies that follow. Geolocation techniques are described in this

study with geometric interpretations under idealized conditions, including omnidirectional

antennas, isotropic channels, and constant free-space propagation speed c. We consider non-

ideal conditions, such as dense multipath and hardware-induced errors, in a later section.

The underlying geometric principle supporting time-based location is the spherical wave-

front given by the constant speed of light c. In the ideal case, a time-of-arrival (TOA)

measurement ti is related to the position of the ith sensor si = (xi, yi, zi) and emitter posi-

tion p = (x, y, z) as

ti =
1

c

√
(x− xi)2 + (y − yi)2 + (z − zi)2. (2.1)

A time-difference-of-arrival (TDOA) measurement τij corresponding to two sensors si and sj

is the difference of their TOA measurements. TDOA is defined relative to a reference sensor,

sj as

τij = ti − tj. (2.2)

2.1.1 Hyperbolic Ranging

A single TDOA measurement τij constrains the emitter to a locus of constant range-

difference between si and sj, which forms a hyperbola in the two-dimensional (2D) plane

containing the sensors and emitter and a hyperboloid in three dimensions (3D). Multiple

distinct sensor pairs yield multiple hyperboloids, and in the ideal, noiseless case, the emitter

location is found at their intersection. However, in practice, the cumulative errors in sensor

clocks and uncertainties in sensor positions will prevent an exact intersection, therefore the
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location is obtained by minimizing the error over a set of TDOA measurements through

weighted least-squares solutions [4].

2.1.2 Lateration-based Geolocation

Lateration-based techniques estimate a set of emitter ranges from multiple TOA mea-

surements. Each range estimate corresponds geometrically to the radius of a circle (2D) or

sphere (3D) centered at a sensor, and the emitter location is obtained by intersecting these

circles or spheres. Because ranges are obtained from TOA, these techniques are commonly

referred to as TOA, circular, or spherical approaches.

In the ideal case, two circles in 2D or two spheres in 3D generally intersect at zero,

one, or two points; therefore, additional measurements are required to resolve ambiguities

and improve performance quality. In 3D, at least four TOA constraints are commonly used

to obtain an unambiguous solution in the presence of noise, and multilateration (N > 3)

remains a widely studied topic for wireless localization [12–15].

Squaring both sides of (2.1), expanding, and rearranging yields

c2t2i − x2i − y2i − z2i = x2 + y2 + z2 − 2xix− 2yiy − 2ziz. (2.3)

As shown in [16], the system for n sensors can be expressed in matrix form Ax = b:


1 −2x1 −2y1 −2z1
1 −2x2 −2y2 −2z2
...

...
...

...

1 −2xn −2yn −2zn




x2 + y2 + z2

x

y

z

 =


c2t21 − x21 − y21 − z21
c2t22 − x22 − y22 − z22

...

c2t2n − x2n − y2n − z2n

 . (2.4)

A common least-squares estimate uses the inverse,

x = (ATA)−1ATb, (2.5)

and utilizes additional constraints, such as x0 = x2 + y2 + z2, for ambiguity resolution.

TDOA-based Lateration Lateration can also be posed in terms of TDOA by selecting a

reference sensor s1 and forming τi = ti − t1 for i = 2, . . . , n [16–18]. Using ti = t1 + τi and
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ct1 =
√
x2 + y2 + z2, the linear equations can formed as:


2cτ2 −2(x1 + x2) −2(y1 + y2) −2(z1 + z2)

...
...

...
...

2cτn −2(x1 + xn) −2(y1 + yn) −2(z1 + zn)




√
x2 + y2 + z2

x

y

z

 =


(cτ2)

2 − ∥s1∥2 − ∥s2∥2
...

(cτn)
2 − ∥s1∥2 − ∥sn∥2

 ,

(2.6)

where ∥si∥2 = x2i+y
2
i+z

2
i . This system is solved using the same classes of least-squares/recursive

methods as (2.4)–(2.5).

2.1.3 Location On a Conic Axis

Schmidt [19], [20] developed an approach known as “Location On a Conic Axis” (LOCA)

that uses the TDOA of sensor triads to find a straight line corresponding to a conic section

axis. TDOA values are converted to range differences that define conic sections wherein the

emitter is located at one of the foci and is known to be at a point on a line that is coincident

with the conic major axis. In the case of LOCA, the sensor locations are points on the

conic and the foci define the emitter location, which is the opposite scenario of hyperbolic

geolocation. All conic sections may be considered as defining two foci. In the case of an

ellipse or hyperbola, the two foci occupy different and distinct locations. In the case of a

circle, the two foci may be considered as being co-located at the same point, and in the case

of a parabola, one of the two foci may be considered as having a location that is infinitely

distant from the other. Fig. 2.1 contains a diagram of the situation wherein the sensors lie

along an ellipse with the emitter being positioned at one of the two distinct focal points.

If the sensor array comprises a total of three elements, the emitter location is computed

as a conic section focal point. Since hyperbolas and ellipses have two foci, an ambiguous

emitter location point results, and some means must be used for determining which foci

corresponds to the actual emitter location estimate. When the sensor array comprises four

or more sensors, the emitter location can be computed by considering the intersections of all

pairs of lines that define the unique conic axes. Typically, a LSE approach is employed to

estimate the emitter location based upon all points formed by intersecting conic axis lines.
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Figure 2.1: LOCA Positioning finds the Emitter at the focus of an ellipse formed by the
range differences of the three Sensors to the Emitter.

The conic axis is derived using (2.1) in the form of the range of sensor si to the emitter,

ri =
√
(x− xi)2 + (y − yi)2 + (z − zi)2. (2.7)

We define the difference in two ranges of the emitter with respect to sensors si and sj as

∆rij,

∆rij = rj − ri, (2.8)

and the absolute range, ai, of each sensor, si, with respect to the origin of the coordinate

system origin as

ai =
√
x2i + y2i + z2i . (2.9)

We further define Σ as the sum of the range differences as

Σijk = ∆rij +∆rjk +∆rki. (2.10)

Using a triad of sensors, (s1, s2, s3), the conic axis can be calculated using the range differ-

ences as expressed in (2.8).

In three-dimensions, the underlying geometry is that of quadrics instead of conics, and
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the resulting (2.11) is expressed in the form of the plane equation, Ax+By + Cz = D:

(x1∆r23 + x2∆r31 + x3(∆r12 − Σijk))x+

(y1∆r23 + y2∆r31 + y3(∆r12 − Σijk))y+

(z1∆r23 + z2∆r31 + z3(∆r12 − Σijk))z =

1

2
(∆r12∆r23∆r31 + a21∆r23 + a22∆r31 + a23(∆r12 − Σijk))

. (2.11)

2.1.4 Additional Geolocation Approaches

While timing-based methods are the primary focus of this dissertation, several other tech-

nique families exist. In this study, the justification for not using these following methods is

primarily driven by the UAS payload and networking constraints summarized in Section 3.3.

Accordingly, we emphasize timing-based location methods that are refined by aggregating

results from cooperative measurements across a geometrically-diverse sensor array.

2.1.4.1 Angle of Arrival (AOA) / DOA Triangulation

Angle of Arrival (AOA) or Direction of Arrival (DOA) localization is commonly imple-

mented as a geolocation technique where sensor groups estimate an emitter direction, via

beamforming or methods such as MUSIC or ESPRIT [21, 22], followed by a fusion of these

bearing measurements into an emitter location estimate [7, 23].

A sensor si produces a measured azimuth ϕi that is the true bearing from si to the emitter

location p plus error [4]:

ϕi = arctan
y − yi
x− xi

+ ni. (2.12)

Collecting all bearings into ϕ and assuming approximately Gaussian bearing errors with

covariance N , the emitter location estimate is typically determined through weighted least-

squares approaches [4]:

p̂ = argmin
p

(
ϕ− f(p)

)T
N−1

(
ϕ− f(p)

)
, (2.13)

where f(p) is the vector of predicted bearings. This minimization is nonlinear and is usu-

ally solved iteratively [4]. For the 3D case, azimuth and elevation bearings are required.
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As with other estimators, with many sensors a solution cloud can be generated in a single

measurement snapshot by repeating this fusion over multiple sensor subsets. For this study,

this approach alone is not suitable because each sensor is assumed to have a single omnidi-

rectional antenna, versus a calibrated multi-element antenna array. The cooperative use of

multiple antennas evolves this method into an interferometric approach. However, even with

a multi-antenna architecture, bearing-based localization is highly sensitive to UAS attitude

which could further bias DOA accuracy.

2.1.4.2 Frequency Difference of Arrival (FDOA)

Frequency Difference of Arrival (FDOA) measures differential Doppler shifts using the

relative motion of sensors and can be used for localization using DOA triangulation tech-

niques. For carrier frequency fc and sensors i and j with velocities vi and vj, a Doppler

measurement is expressed as

fi − fj =
fc
c
(vi cosϕi − vj cosϕj), (2.14)

with ϕi,j representing the bearings to from the emitter to sensors i and j. [4, 24]

FDOA requires a precise estimate of fc, so it is most useful in locating narrowband emit-

ters [4]. FDOA can improve performance in poor geometry, however, multipath introduces

additional Doppler components and Doppler spread that impact the frequency shift. Fur-

ther, performance depends on the stability of the oscillator as well as accurate knowledge of

the sensor velocity. Practical FDOA requires disciplined frequency references across sensors

to determine inter-UAS drift. FDOA is not considered for a primary geolocation approach

in this study due to these factors.

2.1.4.3 Phase Interferometry

Phase interferometry is a DOA estimation technique that determines emitter bearing by

measuring relative phase differences of the received signal measurements across an array of

antennas. For baseline array vector bij from antenna i to j and unit direction vector u(θ, ϕ),

the phase differences are modeled as

∆ϕij ≈
2π

λ
bTiju(θ, ϕ) + ϕ0,ij (mod 2π), (2.15)
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where ϕ0,ij accounts for hardware phase offsets and calibration errors for each sensor. Accu-

rate interferometry requires phase-coherent receiver channels and array calibration to reduce

ambiguities arising from the 2π periodicity [7]. Dense multipath environments distort the

effective wavefront and can bias the measured ∆ϕij. In this study, the system does not

implement phase–coherent sensors or attempt interferometric DOA estimation, but instead

utilizes time synchronization across UAS elements to enable TDOA-based localization.

2.1.4.4 Power-Based Methods

Power-based emitter location approaches determine signal bearing from received signal

strength (RSS) using a propagation model. A general formulation considers an emitter

transmitting a power of P0 at a distance d from the sensor:

RSS(d) ≈ P0 − 10η log10

(
d

δ0

)
+Xσ, (2.16)

where η is the path-loss exponent and shadowing is modeled by Xσ for a reference distance

δ0 [25, 26]. Pattern-based methods consider direction-dependent antenna gains to refine

RSS measurements. These methods do not require sensor synchronization, but in dense

multipath, RSS is strongly impacted by shadowing and small-scale fading and is further

affected by unknown emitter EIRP and attitude. Site-specific calibration is used to account

for these impacts, yet because of the multipath the resulting location estimates can yield

large, environment-dependent uncertainty. Therefore, RSS and pattern methods are not

used as the primary geolocation approach in this study.

2.1.4.5 Hybrid Fusion, Sequential Tracking, and Centralized Direct Methods

Hybrid fusion combines several measurement approaches, for example TDOA, FDOA,

and AOA, into a single estimator using maximum-likelihood or other similar methods (2.13)

[4]. While hybrid fusion typically combines pre-extracted features like TDOA or AOA,

centralized direct methods go further by jointly processing raw or near-raw signals.

When multiple time steps or sensor "snapshots" are available, sequential Bayesian filters
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propagate a state model and update it with geolocation measurements,

xk+1 = f(xk, vk), yk = h(xk) + ek, (2.17)

with unknown (hidden) state xk, observation yk, k sample number, vk stochastic noise pro-

cess, ek additive noise [27]. Hence, these systems integrate information over time and leverage

the motion of the UAS to improve geometry [27, 28]. For this study, this filtering is used

as a second-stage refinement to track the estimated location across snapshots. However,

sequential filters do not, by themselves, resolve errors like the impacts from non-line of sight

measurements; in those cases, the filter may inadvertently and consistently converge on an

incorrect localization result unless outliers are appropriately handled at the measurement

front-end. Therefore, these techniques should be used in conjunction with other approaches

to protect against these cases and improve localization accuracy.

Centralized direct maximum-likelihood localization methods, such as Direct Position De-

termination (DPD), utilize data from multiple sensors as a way to estimate emitter location

without intermediate parameter estimation to find results in a single-step approximation.

DPD formulates a position-dependent likelihood directly from the received signals [29]:

p̂ = argmax
p∈P

L({yℓ(t)}ℓ ; p) , (2.18)

where p̂ is the emitter location estimate and L(·) is derived from a measurement model

that assumes Gaussian noise [29]. DPD can achieve near-optimal performance at low SNR

by preserving information that is effectively lost in two-step processing. Ideal settings are

generally required for DPD, as well as a very accurate channel model. In this work, dense

multipath produces strong model mismatch unless the propagation channel is modeled in

detail, which reduces the effectiveness of DPD for unknown emitters. Further, the lightweight

network architecture in this study is assumed unable to support the significant sampling and

statistical analysis required for DPD, which is typically performed with continuous streaming

of IQ data. Thus, DPD is not adopted in this study in favor of timing-based methods.
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2.1.4.6 Cyclostationary Feature Exploitation

Cyclostationary processing leverages periodic signal conditions, such as symbol timing

and periodic framing, in man-made waveforms using the cyclic autocorrelation function

(CAF) [30]

Rα
x(τ) = lim

T→∞

1

T

∫ T/2

−T/2
x(t+ τ/2)x∗(t− τ/2) e−j2παt dt, (2.19)

which extracts correlations at specific cycle frequencies α (which are typically multiples or

fractions of baud rate), along with related spectral correlation measures. In geolocation,

cyclostationary methods are used to enhance TOA/TDOA estimation by reducing interfer-

ence that does not share the signal-of-interest cycle features [31, 32]. Cyclostationarity has

additionally been incorporated into DPD formulations by combining the cyclic AOA and

TDOA for a single-step grid search and direct localization estimate [33]. Naturally, these

techniques require the emitter to have cyclostationary features, and while this is likely for

most cases, it is not a guaranteed condition. CDPD generally requires time-aligned baseband

data or the exchange of statistics at a central processing node, and this is followed by a multi-

dimensional search or an iterative estimate optimization over candidate positions. This joint

processing increases computation and communications relative to two-step approaches that

localize using time-based features, like TDOA, and can therefore be challenging to scale in

distributed UAS swarms. As a front-end signal pre-processor, when the cycle frequency of

the emitter can be reliably identified and sufficient observation time is available, cyclosta-

tionary processing can improve measurement integrity in interference-limited and low-SNR

conditions by suppressing non-coincident interferers and reducing outlier rates, improving

the performance of geometry-based localization, assuming the sensors have computing band-

width for this pre-processing. Because the focus for this work was instead towards optimizing

sensor geometry with an assumption of time-synchronized and correlatable signal data across

sensors, cyclostationary processing was not implemented.

2.1.4.7 Model-Based Localization

Fingerprinting treats the environment as a propagation model by matching measure-

ments to a pre-collected radio map database. Given a feature r such as RSS, channel state
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information, or other features, an estimator is

p̂ = argmin
p∈P
∥r − r(p)∥2W , (2.20)

that associates measurements to the best-matching map locations [34, 35]. Fingerprinting

can exploit multipath as a distinct signal feature rather than treating it as an error.

A separate but related class of approaches attempts to exploit multipath by introducing

an environment model, such as a 3D map, and treating propagation paths as geometric

constraints. An extracted delay and angle for path m at sensor i is modeled as

τi,m ≈
1

c
ℓi,m(p;M), (2.21)

where ℓi,m is the predicted path length from candidate emitter position p to sensor i under

mapM and the reflection model [36].

While fingerprinting relies on empirical databases and model-based methods on geomet-

ric/physical predictions, both leverage site-specific priors to turn multipath into an asset.

However, the performance of these techniques depends critically on map density, temporal

stability, feature repeatability, correct path association, and sufficient fidelity ofM. There-

fore, small modeling errors can induce systematic bias and create spurious modes in the

location likelihood [37].

For UAS geolocation of unknown emitters, constructing and maintaining a radio map or

detailed environment model over a dense urban area is typically infeasible, and environmen-

tal changes can rapidly invalidate the database or model. Because these approaches require

extensive, location-tagged calibration data, environmental stationarity, and significant char-

acterization of the target location, all of which are not available for unknown emitters and

changing urban channels, they are not considered for this study. The approach in this study

uses statistical models to enable emitter localization rather than relying on prior character-

ization of the target environment.
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2.2 Machine Learning Approaches

Recent work has applied machine learning (ML) strategies across UAS arrays for robotic

path planning, measured and tracked emitter signals, and target localization [38–44]. Other

investigations [1, 45, 46] have incorporated RSS and TDOA measurements into UAS-based

machine learning approaches. In dense multipath and urban settings, classical triangula-

tion and static placements yield unstable localization estimates and slow convergence [47].

Because UAS are independently mobile, they have the ability to actively shape their geome-

try during a localization event and this repositioning enables more accurate localization [6].

These efforts motivate a learning-based approach to exploit geometry-aware localization al-

gorithms to control a cooperative UAS array towards accurate emitter localization.

2.2.1 Reinforcement-Learning Controllers for Geometry-Adaptive Localization

We consider, in a machine learning context, a multi-agent system evolving in discrete

steps k = 0, 1, . . . with a goal of cooperatively locating an emitter with iteratively lower

localization error. Each agent i ∈ {1, . . . , N} observes oki and selects an action aki ; the

action produces rewards rki and the controller transitions the system to the next step. The

controller rewards behavior that improves localization accuracy in this reinforcement learning

(RL) setting. The observation vector for this study includes UAS geometry, features from

the signal measurement such as TDOA and RSS, and uncertainty metrics derived from the

cooperative localization approach.

Because an emitter would be at an unknown location in a real deployment, the per-

formance of the system must be determined without any dependence on the true emitter

location. We therefore utilize geometry-driven metrics produced by the cooperative local-

ization algorithm to evaluate the convergence of the system on an accurate solution to guide

learning. The specific uncertainty metrics and convergence criteria used in this disserta-

tion are defined in the cooperative localization discussion in Chapter 3 (see Section 3.2.2).

The error models and parameter settings used throughout training and evaluation are sum-

marized in Chapter 4 (see Table 4.3). During simulation-based training, the true emitter

position is available for computing diagnostics and optional auxiliary reward terms; however,

the deployed controller and primary convergence logic rely only on the uncertainty metrics
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produced by the cooperative localization algorithm, since the true location is not available

in operation.

2.2.2 Deep Q-Learning and DQN-Based Geometry Control

The architecture in this study builds on Q-learning localization approaches [39–42] with

extensions to a continuous state space [43, 44] to formulate a deep Q-network (DQN) [48]

with a discrete action set. In this dissertation, DQN is treated as an independent, off-

policy, value-based controller where agents learn from a replay buffer and stabilize temporal-

difference (TD) learning with a slowly-updated target network using a soft update rate τ ,

with discount factor γ.

Each UAS drone agent independently trains a DQN to determine new locations that coop-

eratively improve localization accuracy. The system begins by measuring signal information

at an initial UAS geometry to create an initial observation and state comprised of UAS

geometry, features from the signal measurement such as TDOA and RSS, and uncertainty

metrics derived from the cooperative localization approach.

At step k, agent i observes a state (feature) vector sik and executes an action aik, re-

ceiving reward rik and transitioning to sik+1. Q-learning seeks the optimal action-value

function Q⋆(s, a) that satisfies the Bellman optimality equation [49]. In DQN [48], a neu-

ral network Qθ(s, a) approximates Q⋆ from replayed transitions. For a sampled transition

(sk, ak, rk, sk+1), the one-step TD target is

yk = rk + (1− donek) γmax
a′

Qθ−(sk+1, a
′), (2.22)

where θ− denotes the target network, γ ∈ (0, 1) is a discount factor, and donek ∈ 0, 1

indicates episode termination. The TD error is

δk = yk −Qθ(sk, ak), (2.23)

and parameters are updated to minimize a regression loss such as MSE or Huber [48].

In our application, the DQN structure provides the foundation for learning policies for

determining a geometry that maximizes the localization accuracy. In a later chapter (Chap-
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ter 5), we describe the specific state features, action set, and training curriculum that are

implemented to achieve the desired system performance.

The actions are selected from a discrete set of bounded displacement vectors across the

measurement space. During training, action exploration is encouraged with an annealing

(ϵ)-greedy policy [49]:

aki =

a
k
i,greedy with probability 1− ϵk,

aki,random with probability ϵk,
(2.24)

where ϵk decays throughout training to guarantee exploration and escape poor local geome-

tries, while later converging to geometry-improving moves. In evaluation, we set ϵk = 0 to

ensure a pure greedy action selection.

We reward states that produce geometries yielding improved localization performance,

and the reward function combines relevant state features and metrics (pi) along with tuned

weights (wi)

r = w1p1 + w2p2 + w3p3. (2.25)

2.2.3 Alternate Learning Algorithms

Prior studies have explored using TDOA or RSS as features in RL-based geometry control,

and these approaches are categorized as either independent/decentralized or cooperative/-

centralized multi-agent controllers [3, 38, 41, 42, 46, 50]. There is limited literature, however,

in comparing these controller families under consistent sensing, motion, and noise models.

For our study, the cooperative localization method is identical across all controller variants

so that only the geometry-control policy changes. This approach allows us to evaluate the

effect of independent versus cooperative control on localization performance.

Independent RL controllers include value-based learners such as DQN and methods such

as asynchronous advantage actor–critic (A3C) [51]. In multi-agent architectures, independent

learners face a challenge of non-stationarity because each agent updates its policy without

accounting for the concurrent updates of the others. This non-stationarity refers to the
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difference in the learning environment seen by any one agent, because as the remaining agents

learn and adjust their behaviors over time, the state transitions and rewards associated with

a given action can diverge across the agents, making the environment appear time-varying.

Cooperative multi-agent RL methods, such as Multi-Agent Deep Deterministic Pol-

icy Gradient (MADDPG) [52] and Multi-Agent Proximal Policy Optimization (MAPPO)

[53], utilize centralized training with decentralized execution (CTDE) to mitigate this non-

stationarity found in independent learning. In CTDE, decentralized actors utilize local

observations for state decisions, while a centralized critic or value function stabilizes learn-

ing updates during training using the collective information from all agents. Multi-agent

approaches can outperform independent learners for their mission objectives when agent

coordination is required, such as in UAS swarms [3, 38, 42]. Therefore, these controller ap-

proaches offer significant opportunities for cooperative localization over independent learning

approaches.

In this geometry-control setting, algorithms can be distinguished by being on- or off-

policy. Off-policy algorithms update from a replay buffer of previously collected state—

action-–reward transitions which are often drawn from earlier rollouts or short trajectories

of sequential geometry-control steps. This replay-based update allows the controller to reuse

past experience and can reduce the number of new episodes or steps required for training.

On-policy algorithms update only from rollouts generated by the current policy, which can be

more stable to optimize, but typically requires collecting fresh rollouts as the policy evolves.

We categorize the controller families evaluated in this study by their independent or

cooperative natures, visualized in Table 2.1. DQN and A3C/A2C are independent learners,

while MADDPG and MAPPO are CTDE methods. DQN and MADDPG are trained off-

policy using replay buffers and TD updates; in these methods, the discount factor γ sets the

effective planning horizon by weighting future geometry improvements relative to immediate

reward. Because the TD target depends on a slowly moving function approximator, these

off-policy methods also use target networks updated with a soft-update rate τ ≪ 1 so that

the target values change gradually and stabilize learning from replayed experience. Soft

target updates (τ ≪ 1) reduce oscillations by preventing the TD target from changing as

quickly as the online network. In contrast, A3C/A2C and MAPPO are trained on-policy
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using finite rollouts (or trajectory segments) of length L, which are used to form advantage

estimates Ak and compute policy updates.

Table 2.1: Controllers organized along two axes: train-time centralization (rows) and data
regime (columns).

Off-policy On-policy

Independent DQN A3C/A2C

CTDE MADDPG MAPPO

In addition to learned controllers, we consider a policy-free heuristic-only approach where

no policy is trained or applied; the system instead executes greedy actions that maximize

an immediate reward and reduce uncertainty, similar to [6]. This baseline is valuable in

analyzing potential RL solutions to verify whether the system can exploit domain-specific

knowledge from outside the RL model and whether there is an advantage to utilizing RL in

the application [54].

2.2.3.1 Multi-Agent Deep Deterministic Policy Gradient

Multi-Agent Deep Deterministic Policy Gradient (MADDPG) is a CTDE actor–critic

method with decentralized actors and centralized critics [52]. For agent i, the actor πθi(ai | oi)

conditions on local observation, while the critic Qϕi(o, a) conditions on joint observation and

joint action. This centralized critic reduces the apparent non-stationarity during training by

explicitly modeling the dependence of rewards and transitions on the joint behavior.

Because this study uses discrete displacement actions, a common adaptation is to relax

discrete sampling with the Gumbel–Softmax (Concrete) estimator [55, 56]. Given logits

z ∈ R|A| and i.i.d. Gumbel noise gk = − log(− log uk) with uk ∼ Uniform(0, 1), the relaxed

action is

yk =
exp ((zk + gk)/τg)∑
j exp ((zj + gj)/τg)

, (2.26)

which approaches a one-hot sample as τg → 0.

21



Critics are trained by minimizing a TD regression,

LC,i(ϕi) = E
[(
Qϕi(o

k, ak)−
(
rki + (1− donek)γQϕ−i

(ok+1, ak+1)
))2

]
, (2.27)

and actors are updated to maximize the centralized critic value (optionally with entropy

regularization),

max
θi

E
[
Qϕi(o

k, ak)
]
+ β E

[
H(πθi(· | oki ))

]
. (2.28)

2.2.3.2 Advantage Actor–Critic

Asynchronous Advantage Actor–Critic (A3C) improves scalability by updating shared

parameters from multiple actor-learners [51]. A3C is based on the policy-gradient theorem

with a learned value baseline. For agent i, the policy gradient is weighted by an advantage

estimate Aki :

∇θiJi ≈ E
[
∇θi log πθi(a

k
i | oki ) Aki

]
. (2.29)

Advantages are commonly computed using Generalized Advantage Estimation (GAE) [57]:

δki = rki + γVψi
(ok+1
i )− Vψi

(oki ), Aki =
∑
l≥0

(γλ)l δk+li , (2.30)

with return target Rk
i = Aki + Vψi

(oki ). The combined actor–critic loss is

Li(θi, ψi) = −E
[
Aki log πθi(a

k
i | oki )

]
+ cv E

[
(Vψi

(oki )−Rk
i )

2
]
− cH E

[
H(πθi(· | oki ))

]
. (2.31)

2.2.3.3 Multi Agent Proximal Policy Optimization

Proximal Policy Optimization (PPO) stabilizes policy-gradient updates by constraining

the change from a behavior policy πθold used to collect rollouts [58]. The probability ratio is

ρk(θ) =
πθ(a

k
i | oki )

πθold(a
k
i | oki )

. (2.32)
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PPO maximizes the clipped surrogate objective

Lclip(θ) = E
[
min

(
ρk(θ)A

k, clip(ρk(θ), 1− ϵclip, 1 + ϵclip)A
k
)]
, (2.33)

where Ak is an advantage estimate. Here, ϵclip is the PPO clipping parameter, and not the

ϵk used in ϵ-greedy exploration in Eq. (2.24).

Multi-Agent PPO (MAPPO) extends PPO to cooperative multi-agent settings, com-

monly with a parameter-shared actor for homogeneous agents and a centralized value func-

tion to stabilize advantage estimates during training [53]. Parameter sharing improves learn-

ing stability by pooling experience into a shared policy. A typical MAPPO loss function

combines the PPO objective with value regression and entropy regularization:

L(θ, ψ) = −Lclip(θ) + cv E
[
(Vψ(o

k)−Rk)2
]
− cH E

[
H(πθ(· | oki ))

]
. (2.34)

Advantages Ak are commonly computed using Generalized Advantage Estimation (GAE)

[57] from a value baseline. The corresponding return target is Rk = Ak+Vψ(o
k), which is used

in the value regression term of Eq. (2.34). In cooperative settings, Vψ is often formed from

a centralized value function that conditions on joint information available during training.
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Chapter 3

LOCA APPLICATION FOR UAS

Summary of use of LOCA for this Study LOCA was selected for this study for three

primary reasons:

1. First, it utilizes TDOA, thereby avoiding absolute transmit-time dependence while

remaining compatible with distributed UAS receivers that can timestamp and correlate

signals. These timing-derived observables can be exchanged across sensors as compact

features to avoid wideband IQ sharing.

2. Second, it scales with swarm size by producing redundant measurements from many

triads. This enables improved localization estimation in the presence of noise.

3. Third, the resulting solution distribution provides a convergence measure for adap-

tive geometry control and the basis of the reinforcement-learning-based motion reward

strategies evaluated in later chapters.

Therefore, in our study, we consider LOCA in the three-dimensional case, requiring four

sensors plus a fifth sensor for ambiguity resolution between the two conic focal points for

a lower bound minimum requirement of five UAS sensors. The use of additional sensors

leads to an increasing number of geolocation estimates; however, as quantified in Chapter 4,

using UAS swarm sizes larger than eight provides diminishing improvement in terms of

emitter location convergence rate [11], [59]. Because LOCA expresses TDOA constraints

along a conic axis jointly defined by sensor triads, rather than independent single-reference

hyperbolas for each sensor pair, the geometry is well-suited to distributed and highly–mobile

receiver networks.
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3.1 LOCA Extension to Four or More Sensors

In the 2D case, when only three sensors are utilized, an ambiguity can arise when the

resulting conic is an ellipse or hyperbola since only one of the two different focal points is

the actual position of the emitter. If the conic is a circle or parabola, no ambiguity results.

The particular form of the conic resulting from the relative positioning of the sensors and

emitter can be determined by computing its eccentricity, ecc. If ecc = 0 (circle) or ecc = 1

(parabola), no ambiguity results. If 0 < ecc < 1, the conic is an ellipse and if ecc > 1, the

conic is a hyperbola. It is noted that the case of all sensors lying along a line can be viewed

as a conic section with both foci at infinity and is a degenerate case that is incompatible

with the LOCA method. With more than three properly located sensors, ambiguities can be

resolved mathematically by including an additional sensor, such that a second independent

triad can be formed to compute a second conic, thus allowing intersections of the axes of

the two conics to be calculated [20]. For the two-dimensional case, two triads (four sensors)

are necessary to find this intersection, whereas for the three-dimensional case, since (2.11)

results in the equation of a plane, three triads (at least five sensors) are necessary to find

the intersection point.

In matrix form, all combinations of triads from S can be represented from (2.11) as:



A123 B123 C123

A124 B124 C124

...
...

...

Aijk Bijk Cijk
...

...
...




x

y

z

 ≈



D123

D124

...

Dijk

...


. (3.1)

Subset intersection via numerically stable least squares. Consider the set of five sensors

needed for a 3D emitter location estimate as a sensor subset S of size ℓ. For each sensor

subset S, stacking all triads from (3.1) yields an overdetermined system of equations, Ae ≈ b,

to which the (x, y, z) solution is the estimated location of the emitter ê. This system can

be resolved with a regularized least squares approach. To perform this computation, each

of the Aijk, Bijk, Cijk, Dijk elements in are divided by their respective
√
A2
ijk +B2

ijk + C2
ijk

prior to solving:
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

. (3.2)

We compute the S-subset emitter estimate using a numerically stable least-squares ap-

proach, with regularization used for ill-conditioned geometries:

ê = arg min
e∈R3

∥Ae− b∥22 + λ∥e∥22, (3.3)

where λ ≥ 0 is small (or zero) under well-conditioned geometry.

Full LOCA Algorithm. The full LOCA algorithm is shown below in Algorithm 1. Each

set of triads from S are computed in the LOCA approach using the summary of equations

in (3.4) from (2.11):
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∆rij = c (tj − ti), (3.4a)

Σijk = ∆rij +∆rjk +∆rki, (3.4b)

Ar = xi∆rjk + xj∆rki + xk(∆rij − Σijk), (3.4c)

Br = yi∆rjk + yj∆rki + yk(∆rij − Σijk), (3.4d)

Cr = zi∆rjk + zj∆rki + zk(∆rij − Σijk), (3.4e)

Dr =
1
2

(
∆rij∆rjk∆rki + a2i∆rjk + a2j∆rki + a2k(∆rij − Σijk)

)
, (3.4f)

δr = max
(√

A2
r +B2

r + C2
r , 10

−12
)
, (3.4g)

rTr =
[
Ar Br Cr

]
/δr, br = Dr/δr. (3.4h)

For each subset S of size ℓ, we re-index the selected sensors locally to the algorithm as

i = 1, ..., ℓ, so si and ti denote the sensor positions and TOAs within the current subset.

Pairwise range differences are computed as ∆rij = c(tj−ti), where c = 299 792 458 m/s is the

speed of light. Each sensor subset S yields one emitter estimate êm; the index m enumerates

subsets and thus rows of LOCASoln and tags for that timestep. The per-timestep LOCA

median estimate êk and its associated uncertainty (derived from the filtered cloud) then

serve as the input to downstream fusion and sequential estimation stages.
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Algorithm 1: LOCA 3D Solution Cloud via Sensor Subsets and Triad Constraints
Require : Sensor positions S ∈ RN×3, time of arrival t ∈ RN

Ensure : LOCASoln ∈ RM×3, tags ∈ {0, 1}M×N

1 c← 299 792 458m/s

2 X ← [ ]

3 T ← [ ]

4 m← 0

5 for ℓ← 5 to N do

6 foreach S ⊆ {1, . . . , N} with |S| = ℓ do

7 m← m+ 1

8 for i← 1 to ℓ do

9 ai ←
√
x2
i + y2i + z2i

10 for i← 1 to ℓ do

11 for j ← 1 to ℓ do

12 ∆rij ← c(tj − ti)

13 A← [ ] ∈ R0×3

14 b← [ ] ∈ R0

15 r ← 0

16 foreach triad (i, j, k) with 1 ≤ i < j < k ≤ ℓ do

17 r ← r + 1

18 Compute (Ar, Br, Cr, Dr, δr) from (i, j, k) using (3.4) Append row rTr and br using (3.4)

19 êm ← regularized least squares solution of Ae ≈ b (3.3)

20 Append êm to X

21 tm ← 0 ∈ {0, 1}N

22 for n← 1 to N do

23 if n ∈ S then

24 (tm)n ← 1

25 Append tm to T

26 LOCASoln← stack(X )

27 tags← stack(T )

28 return (LOCASoln, tags)
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3.2 Estimate Filtering and Distributions

3.2.1 IQR-based filtering of the LOCA solution cloud.

In an N -sensor system, the LOCA algorithm shown allows combinations of any subset

of five sensors to generate a cloud of emitter location estimates.

Λ = {λm}Mm=1 ⊂ R3. (3.5)

There are
(
N
3

)
triads that can be formed from a set of N sensors. When forming LOCA

estimates from all sensor subsets ℓ of size 5, the number of subset-based location estimates

for a fixed N -sensor system is M(n) =
∑n

ℓ=5

(
n
ℓ

)
. If we sweep the sensor count from n = 5

up to n = N (as in Fig. 3.1), the cumulative number of subset solutions grows as

Imax(N) =
N∑
n=5

n∑
ℓ=5

(
n

ℓ

)
. (3.6)

WithN = 5 sensors, only one ℓ = 5 subset of sensors exists in a single 3D LOCA estimate,

so the solution cloud contains a single estimate per timestep or "snapshot". For six ℓ =
(
6
5

)
or

more sensors, many subsets exist, yielding a redundant solution cloud that enables statistical

filtering. For N = 8, this cumulative total is Imax(8) = 130. Fig. 3.1 presents an example

of how the cumulative number of subset-based LOCA estimates increases with sensor count

and illustrates the corresponding growth in estimate-cloud density.

Thus, the system utilizing this algorithm could statistically determine the most probable

emitter location and utilize the density of estimates to refine its solution. While a five-

sensor configuration is minimally viable, adding at least a sixth sensor enables redundancy

and consistency checking across solutions, and it provides a distribution of estimates that can

be analyzed for mean or median performance to reduce sensitivity to outliers and unfavorable

geometries. Increasing to seven or eight sensors further increases the number of available

subset solutions, thus producing a denser and potentially broader estimate cloud, improving

the likelihood of well-conditioned subsets and strengthening statistical refinement. Naturally,

the expansion is at the cost of additional platform, payload, and coordination complexity.

With a large solution set formed with N -sensors, we initially filter the cloud based on
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Figure 3.1: Count and placement of LOCA estimates with increasing sensor quantities show-
ing the growth in per-timestep subset estimates (solution-cloud density) with increasing N
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the middle 50% interquartile range (IQR) of the solution set and define the emitter estimate

ê as a probabilistic centroid given by the median of the filtered LOCA solutions [59].

Let (3.5) denote the set of per-subset LOCA estimates at a given timestep, where λm =

[xm ym zm]
T. To suppress gross outliers without assuming a parametric distribution, we

apply the standard interquartile-range (IQR) rule independently to each coordinate. Define

the componentwise quartiles Q1 = quantile(Λ, 0.25) and Q3 = quantile(Λ, 0.75), with IQR =

Q3 −Q1, and bounds

L = Q1 − 1.5 ∗ IQR, U = Q3 + 1.5 ∗ IQR (3.7)

interpreted componentwise. We retain an estimate λm when Lx ≤ xm ≤ Ux, Ly ≤ ym ≤ Uy,

and Lz ≤ zm ≤ Uz, forming the filtered set Λf .

The per-timestep LOCA measurement is tracked as the median, and not the mean, of

the solution cloud to guard against outliers or asymmetries in the filtered solution cloud:

êk,med = median(Λf). (3.8)

We use this median êk,med for reporting and for cloud-derived uncertainty metrics. When

an optional sequential tracker is used (Sec. 3.2.3), we additionally form a Gaussian summary

(zk, Rk) for Kalman filtering; this does not change the cloud-based metrics.

3.2.2 Elliptical and Spherical Error Distribution

1 In an ideal geometry with minimal UAS positioning errors and time of arrival errors,

a localization cloud would be tightly clustered with minimal dispersion of êi estimates from

êm. However, these errors are inherent to the hardware design and especially increased in

a dense multipath environment where building reflections impact signal propagation. The

underlying geometry of LOCA can improve localization accuracy by repositioning the UAS

array into a configuration that minimizes the spread of Λf [59].

The quality of the localization estimate can be expressed in terms of the spherical error

probable (SEP) radius, denoted SEP50 for the median case, where the radius defines a spatial
1Analysis [60] submitted to the 2026 IEEE Dallas Circuits and Systems Conference.
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region containing the estimated location Λf with probability 0.50 [61]:

SEP50 = q0.5
{
∥xi − êk,med∥2 : xi ∈ Λf

}
. (3.9)

where q0.5{·} denotes the 0.5 quantile (median) operator.

Smaller SEP50 indicates a tighter cloud and, in this study, is used as a convergence metric

for geometry control.

To quantify localization uncertainty, we calculate empirical elliptical error probable (EEP)

in azimuth and elevation planes directly from the filtered solution cloud. Following standard

confidence-ellipse theory [4], if the in-plane cloud is locally approximated as Gaussian, the

probability-p ellipse is given by the quadratic form (x−µ)TΣ−1(x−µ) ≤ χ2
2
−1(p). The co-

variance matrix formed from the estimate cloud Λf is calculated and an eigendecomposition

is performed for the azimuth and elevation planes with a small positive regularity term εI3

added to stabilize the result. Let λ1 ≥ λ2 be the eigenvalues of the in-plane covariance; then

the EEP semiaxes are [62]

a =
√
χ2
2
−1(p)λ1, b =

√
χ2
2
−1(p)λ2. (3.10)

Azimuth (aaz, baz) is calculated in the horizontal x–y plane. Elevation (ael, bel) is calcu-

lated by the plane spanning the dominant horizontal uncertainty direction and the vertical

axis to provide a meaningful 2D slice for elevation error analysis.

A circularized in-plane radius, which is a CEP-like summary in terms of azimuth raz and

elevation rel, is obtained from the EEP semiaxes using the NASA convention [62]:

rEEP ≈ 0.75
√
a2 + b2. (3.11)

This probability depends on ellipse eccentricity, and in this study, these approximated cir-

cularized radii, in terms of Azimuth EEP and Elevation EEP, are utilized as the primary

metrics for the geometry convergence.

The algorithm to compute the EEP and SEP from the estimate cloud is presented in

Algorithm 2, generalized from the 50% confidence p used in this study.
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Algorithm 2: Azimuth and Elevation EEP Radii and 3D SEP from a 3D Estimate
Cloud
Require : Emitter Location Estimate Cloud Λf = {xi}N>1

i=1 , xi ∈ R3; confidence level p ∈ (0, 1)
Ensure : (aaz, baz, raz, ael, bel, rel,SEP)

1 Center and 3D estimate covariance
2 ê← median({xi}Ni=1)
3 x̃i ← xi − ê, ∀i
4 Σ← 1

N−1

∑N
i=1 x̃ix̃

T
i + εI3

5 q ← χ2
2
−1(p)

6 Azimuth (horizontal x–y plane)
7 Σxy ← Σ(1 :2, 1:2)
8 Compute eigenvalues λ1 ≥ λ2 ≥ 0 of Σxy

9 aaz ←
√
q λ1, baz ←

√
q λ2

10 raz ← 0.75
√
a2az + b2az

11 Elevation plane (spanned by dominant horizontal direction and ẑ)
12 Let u ∈ R2 be the unit eigenvector of Σxy associated with λ1

13 h← [u1 u2 0 ]T, h← h/∥h∥
14 ẑ← [ 0 0 1 ]T

15 T← [h ẑ ] ∈ R3×2

16 Σel ← TTΣT ∈ R2×2

17 Compute eigenvalues µ1 ≥ µ2 ≥ 0 of Σel

18 ael ←
√
q µ1, bel ←

√
q µ2

19 rel ← 0.75
√
a2el + b2el

20 3D SEP (empirical from cloud radii)
21 ri ← ∥xi − ê∥2, ∀i
22 SEP← qp

(
{ri}Ni=1

)
23 return (aaz, baz, raz, ael, bel, rel,SEP)
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The cloud median and dispersion measures defined in this section provide geometry-driven

metrics for convergence and reward shaping in later controllers (Chapter 5). When a tempo-

rally smooth track is helpful for visualization or evaluation, we additionally summarize the

cloud as an approximate Gaussian measurement (zk, Rk) and apply a standard position-only

Kalman filter, described next.

3.2.3 Fusion and Sequential Estimation

At each snapshot k, LOCA produces a solution cloud of emitter locations, Λk = {λq}Qq=1,

where λq ∈ R3. For subsequent processing we summarize this cloud by an approximate Gaus-

sian measurement (zk, Rk), where zk is a variance-aware centroid and Rk is a corresponding

measurement covariance.

Each candidate λq is scored by its agreement with the current timing-derived TDOA

measurements using all sensor pairs (Chapter 4). Let the measured pairwise TDOA at

snapshot k be ∆tij,k for all 1 ≤ i < j ≤ N , and stack them in a fixed order into

dk =
[
∆t12,k ∆t13,k · · · ∆t(N−1)N,k

]T ∈ RP , P =
(
N
2

)
. (3.12)

For a candidate location λq, we form the predicted all-pairs TDOA vector

∆̂tij(λq) =
∥λq − si∥ − ∥λq − sj∥

c
, d̂(λq) =

[
∆̂t12(λq) · · · ∆̂t(N−1)N(λq)

]T
, (3.13)

where si is the ith sensor position and c is propagation speed.

Using the modeled per-pair timing variances (Chapter 4), we take a diagonal pairwise

timing covariance

Σt,k = diag
(
σ2
12,k, σ

2
13,k, . . . , σ

2
(N−1)N,k

)
, (3.14)

and compute a variance-aware residual

r2k,q =
(
dk − d̂(λq)

)T

Σ−1
t,k

(
dk − d̂(λq)

)
=

∑
i<j

(
∆tij,k − ∆̂tij(λq)

)2
σ2
ij,k

. (3.15)

This inverse-variance structure ensures that lower-variance TDOA pairs contribute more

strongly to the consistency score. Because pairwise residuals can be corrupted by multipath,
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we convert rk,q into a robust weight using a Tukey bisquare (biweight) rule, following the

robust M-estimation treatment in [63]. Let mk = median({rk,q}Qq=1)

sk = median
(
{|rk,q −mk|}Qq=1

)
, (3.16)

define uk,q = rk,q/(κ max(sk, ϵ)) with small ϵ > 0 and tuning constant κ, and set

ωk,q =


(
1− u2k,q

)2
, |uk,q| < 1,

0, |uk,q| ≥ 1.

(3.17)

Candidates inconsistent with the timing model contribute negligibly to the fused measure-

ment.

We smooth the per-snapshot measurements with a position-only Kalman filter (KF) [64].

Because LOCA provides a 3-D position estimate per snapshot, we use a linear KF with

F = I3 and H = I3 (random-walk process model and direct position measurement):

xk+1 = xk + wk, wk ∼ N (0, Qw), zk = xk + nk, nk ∼ N (0, Rk), (3.18)

with Qw = qI3 and q chosen small relative to Rk.

Define the innovation νk = zk− xk|k−1 and innovation covariance Sk = Pk|k−1 +Rk (since

H = I3). The normalized innovation squared (NIS) statistic is

ηk = νTk S
−1
k νk, (3.19)

which is χ2-distributed with 3 degrees of freedom under the assumed model.

We use ηk as a consistency check. If a snapshot is inconsistent with the assumed innova-

tion covariance Sk, the KF-updated estimate is rejected and the system continues with the

predicted state. The KF update is accepted only when ηk ≤ γ, where γ is selected from a

χ2 threshold at a chosen gate probability with degrees of freedom equal to the innovation

dimension (3 for 3-D position), similar to the approach in [65].
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3.3 Hardware Implementation

This dissertation considers a cooperative UAS-based wireless sensor array comprised of

UAS equipped with individual antennas, RF receivers, local positioning capabilities, high-

resolution timers, WANET interfaces, and computing subsystems. The goal of this section

is to document the assumed functional architecture and the representative subsystem per-

formance bounds used throughout the dissertation. These assumptions directly inform the

hardware error models (Chapter 4) and provide context for the simulation parameter choices

used in the algorithm evaluation and geometry-control studies (Chapter 5). A representative

functional block diagram is shown in Fig. 1.1.

UAS payload and networking constraints. Alternative geolocation technique families and

their feasibility under payload and networking constraints are discussed in Chapter 2. Con-

sistent with those constraints, each UAS is assumed to utilize a lightweight and non-phase-

coherent RF front end, the UAS network links do not continuously stream wideband IQ data,

and the emitter waveform is not assumed to be known. Therefore, the architecture focuses

on timing-derived observables exchanged as compact features and refined by aggregating

results from cooperative measurements across a geometrically-diverse sensor array.

RF receiver and time-stamp generation. Each UAS receives the signal-of-interest using

an omnidirectional antenna and a local RF receiver chain that can detect (or correlate

against) the signal sufficiently well to assign a time-of-arrival (TOA) time stamp to each

snapshot. These TOA features, together with the local sensor position estimate and quality

indicators, are the primary observables exchanged across the WANET. This design avoids

continuous wideband IQ sharing and instead supports cooperative fusion using compact per-

snapshot features, consistent with the overall payload and networking constraints described

above.

Local timing source and synchronization. It would be preferable if the local UAS clock

sources within the wireless array network could operate in a synchronous manner at pre-

cise and equal frequencies with minimal drift to enable phase coherency among the array

elements; however, synchronization of the receivers’ local oscillators is difficult to achieve

and maintain and is not assumed in this study. Even when local UAS clocks are synchro-
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nized prior to the mission, the presence of clock drift and jitter affects timing accuracy and

therefore degrades time-based localization estimates.

The utilization of a WANET clock synchronization method would be desirable to miti-

gate clock error. It has been shown that, with a wideband receiver, it is possible to measure

propagation time at sub-nanosecond accuracy using off-the-shelf IEEE 802.11 network inter-

face cards [66], [67]. The use of ultrawideband (UWB) has likewise been shown to achieve

sub-nanosecond accuracy [68]. Another significant advancement in local timing sources is

the emergence of Chip Scale Atomic Clocks (CSAC) that provide highly stable and accurate

timing sources with a small form factor [9], [10], [69], [70]. In the hardware model used

throughout this dissertation, each UAS is assumed to have a high-resolution local timing

source whose baseline error is on the order of 10 ns (chosen conservatively) but which can

be improved toward the nanosecond regime with a CSAC and supporting synchronization

methods.

Self-positioning, hover drift, and representative bounds. In the cooperative UAS sce-

nario described here, the UAS positions may be known via the relatively accurate Global

Positioning System (GPS) or other navigational systems; however, the UAS comprising the

sensor array are individually hovering during the time that TOA/TDOA values are obtained

and thus induce a localization error source we term as hover drift. Other small sensor po-

sitioning errors due to variations in environmental factors, such as wind gusts, can cause

further degradation in sensor localization. Furthermore, in some environments, GPS may be

unavailable requiring an alternative sensor localization approach.

We assume that each UAS can bound its self-positioning error using an on-board ranging/self-

localization subsystem, such as LiDAR-based techniques [8]. Texas Instruments has devel-

oped a compact LiDAR solution [71] that permits a ranging accuracy of 1 cm at 100m, which

is a significant improvement over GPS [72]. For this reason, the baseline self-positioning error

used in this dissertation is bounded to the centimeter regime (2 cm in the nominal case), and

the impact of degraded positioning accuracy is studied explicitly in the error-source analysis

(Chapter 4).

WANET interface and cooperative computation. The UAS are assumed to form a wire-

less ad hoc network (WANET) that supports the exchange of compact observables (time
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stamps, range-difference features, sensor position estimates, and associated error parameters)

and supports command and control messages for geometry adaptation. This communication

layer enables (i) cooperative fusion across many sensor subsets to generate LOCA solution

clouds and related uncertainty metrics, and (ii) closed-loop geometry control policies that

reposition the array to reduce localization uncertainty. The architecture therefore supports a

distributed sensing capability with low-bandwidth feature exchange rather than centralized

wideband RF data aggregation.
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Chapter 4

EVALUATION OF ERROR SOURCES IN GEOLOCATION WITH COOPERATIVE

UAS ARRAYS

This chapter describes the dominant error sources in a cooperative UAS-based wireless

sensor array comprised of UAS equipped with individual antennas, RF receivers, local posi-

tioning capabilities, high-resolution timers, WANET interfaces and computing subsystems.

The hardware error analysis was published in [11] and is summarized in Section 4.1. The

environmental and accumulated error analyses are summarized in Section 4.2. The chapter

concludes with simulations that quantify the impact of these error sources on localization

performance.

The formulation and results of this chapter were published and presented at the 2023

IEEE Aerospace Conference [11] and at the 2025 IEEE Systems Conference [59].

4.1 Analysis of Geolocation Hardware Error Sources

The formulation and results of this section were published and presented at the 2023

IEEE Aerospace Conference [11].

4.1.1 Position and Timing Error

The location of each sensor i is modeled as its true location: si = [xi, yi, zi]
T ∈ R3. Each

UAS operates with measurement inaccuracies associated with sensor location (e.g., hover

drift and onboard navigation uncertainty). Thus, a better model of the location of each

sensor is to consider the coordinates as an estimated position ŝi = (x̂i, ŷi, ẑi), that include

error terms, (ϵx, ϵy, ϵz), as given in (4.1):

ŝi = si + ϵs,i, ϵs,i = [ϵxi, ϵyi, ϵzi]
T, (4.1)

where ϵs,i is treated as zero-mean with scenario-dependent covariance.
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Assuming the signal propagation velocity, c, is constant in a particular environment, the

emitter range is dependent on the accuracy of the emitter-to-sensor propagation time. Rep-

resentative timing-source and synchronization assumptions (and corresponding subsystem

bounds) are summarized in Section 3.3. The sensor TOA measurement can be modeled as

the true TOA, ti, with a corresponding error term, ϵti, as

t̂i = ti + ϵti. (4.2)

It is likewise assumed that the detected and received RF transmissions of each sensor are

at sufficiently high-power levels such that variations in antenna gain patterns are negligible

and that all sensors receive transmitted emitter signals at sufficiently high Signal-to-Noise

(SNR) levels. For these reasons, we primarily focus on sensor localization, local measurement

timing errors, and multipath delay effects to localization accuracy.

Another significant source of inaccuracy is related to the ability of each sensor to ac-

curately identify the same instantaneously received signal features when obtaining a TOA

measurement by assigning a local time stamp to the same portion of the received signal by

each sensor array element. This issue has been addressed in depth in past work: for com-

munications signals, previous studies have resulted in acceptable methods for correlating

continuous signals across spatially separated sensors [73], [74], [75], [76], [77]; whereas for

pulsed signals, rising or falling edges are typically used [78], [79] to determine TOA signal

time "stamps". It is assumed that this “time stamping” error source is relatively small in

comparison to the errors from unsynchronized local UAS timing sources across the UAS

network. That is, it is assumed that any timing errors due to misaligned time stamping of

received signal artifacts among individual sensor array elements is much less than the local

UAS clock period. Thus, inaccuracies due to this error source may be considered as being

contained within the timing error models employed in our analyses.

4.1.2 Cramér–Rao Lower Bound for Sensor Position and Clock Timing Errors

In consideration of the dominant error sources due to sensor localization caused by UAS

hover drift and the fact that local clock sources with errors are present within each UAS,

we model the cooperative wireless sensor array network and simulate the resulting emitter
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location accuracy with these error sources present using different timing-based emitter loca-

tion algorithms. Specifically, we consider both multilateration and LOCA emitter location

techniques in our models.

To provide a unified basis in evaluating the emitter location accuracy of the sensor array,

we also derive and compute the Cramér–Rao Lower Bound (CRLB) to evaluate the theoret-

ically possible emitter location accuracy due to varying amounts of the dominant sources of

error and measurement inaccuracy.

The CRLB is a measure of the minimal variance that can be achieved by an unbiased

estimator. The positions of the UAS are known to a certain accuracy characterized by

the standard deviations of the location estimates, (σxi, σyi, σzi). Likewise, the local timing

errors within each UAS are modeled with a standard deviation statistic denoted as σti.

The measurement errors are modeled as Gaussian random variables (RV), following the

approaches in [4], [5], [80], [81]with a likelihood function of:

p(τ̂i|x) =
1√
2πσi

e
− 1

2σ2
i

(τ̂i−τi(x))2
. (4.3)

With respect to TOA measurements, we assume that the variance of a single measurement is

dependent on the variance σ2
i of the single sensor si. For TDOA approaches, [81] and others

show that the use of the common reference or anchor sensor, s1, correlates the measurements

so that the variance of a single measurement is the sum of the variance of the two sensors,

σ2
i + σ2

1, as characterized by the corresponding
{
N − 1

}
×
{
N − 1

}
covariance matrix:

RTDOA =


σ2
2 + σ2

1 σ2
1 . . . σ2

1

σ2
1 σ2

3 + σ2
1 . . . σ2

1

...
... . . . ...

σ2
1 σ2

1 . . . σ2
N + σ2

1

 . (4.4)

The CRLB is determined by calculating the inverse of the Fisher Information Matrix

(FIM), J, expressed as

J = E
[
∇x ln p(τ̂ | x) ∇T

x ln p(τ̂ | x)
]
, Cov(x̂) ⪰ J−1, σ2

xi
≜ Var(x̂i) ≥ [J−1]ii. (4.5)
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E[•] denotes the expected value operator of a RV. Under the assumption that the errors

are modeled with a Gaussian RV, a constant covariance matrix results [81]. The elements of

the FIM can be determined as

Jij =
(
∂τ(x)
∂xi

)T
R−1
TDOA

(
∂τ(x)
∂xj

)
,

∂τ(x)

∂xi
=



∂τ2(x)
∂xi

∂τ3(x)
∂xi
...

∂τN (x)
∂xi


. (4.6)

For receiver localization errors, the FIM becomes

Jτ =


∂τ2
∂x

∂τ3
∂x

. . . ∂τN
∂x

∂τ2
∂y

∂τ3
∂y

. . . ∂τN
∂y

∂τ2
∂z

∂τ3
∂z

. . . ∂τN
∂z

R−1
TDOA


∂τ2
∂x

∂τ2
∂y

∂τ2
∂z

∂τ3
∂x

∂τ3
∂y

∂τ3
∂z

...
...

...
∂τN
∂x

∂τN
∂y

∂τN
∂z



T

. (4.7)

The FIM can be evaluated in the temporal (time) domain or in the spatial (range) domain

depending on the error terms of the covariance matrix. The conversion to the range domain

is obtained by multiplying R−1
TDOA with the square of the signal propagation speed, c2. In

the following analysis, the receiver location error contributions are analyzed in the range

domain using ri = cti and (2.7).

For timing errors, [5], [68], [81], identified the primary contributing factor for calculating

the CRLB of a TDOA estimate to be the bandwidth, B, of the received signal and the

received signal SNRi at sensor si, via the relationship:

σ2
i ≥

c2

B2 ∗ SNRi

. (4.8)

Following [81], we consider the factors carrier frequency, bandwidth, integration time,

propagation velocity, etc. to be incorporated into the constant, a. Note that the received

signal SNRi at the ith sensor element is not considered within the constant, a, in our analysis

42



Figure 4.1: Standard Deviation of local timing inaccuracy as a function of SNR.

since we assume that SNRi exceeds a threshold value. That is, we assume that the received

signal is at a sufficiently high SNR to enable emitter location estimation such that a need

not comprise a contribution due to SNRi. Because the SNRi of the emitter at si is inversely

proportional to the range by 1
r2

, an ideal lower threshold for the distance, r0, for an optimal

SNR0 is used to determine the SNRi, by:

SNRi = SNR0
r20
r2i
. (4.9)

The associated variance is then:

σ2
i (r) ≥

a

SNR0

∗ r
2
i

r20
. (4.10)

As an example of this effect, we assume a signal bandwidth, B, and corresponding SNR0

that result in a worst case, or maximum value, for the standard deviation, σ, to be approxi-

mately 1 ns at the maximum range. Fig. 4.1 shows the improvement of σ for increasing SNR

where the minimum σ is determined by the SNR at r0.

Following [81], because the variance is range-dependent and no longer constant, its term
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in the likelihood function, and therefore the FIM, is not reduced. The TDOA sensor pair

σ2
i + σ2

1 variance term is:

σ2
i + σ2

1 =
a(r2i + r21)

r20SNR0

, (4.11)

with a standard deviation, σi1, given by

σi1 =
√
σ2
i + σ2

1 =

√
a(r2i + r21)

r0
√
SNR0

. (4.12)

The FIM in (4.5) takes the form

Jij =
(
∂τ(x)
∂xi

)T
R(x)−1∂τ(x)

∂xj
+

1

2
tr

(
R(x)−1

(
∂σi1
∂xi

)T
R(x)−1 ∂σi1

∂xj

)
, (4.13)

with a parameter-dependent FIM Jacobian of

∂σi1
∂x

=

√
a(ri + r1)

r0
√
SNR0(r2i + r21)

. (4.14)

Using the FIMs in (4.7) and (4.13), as substituted into (4.5), allows for the computation

of the TDOA CRLB that encompasses inaccuracies due to array element localization error

and local timing variances, respectively. Considering the LOCA emitter location technique,

the analysis considers a combination of sensor triads instead of using a single reference or

anchor sensor; thus, the covariance matrix in (4.4) evolves to the cases for considering the

individual sensor triads. There is an expected processing gain as the number of sensors is

increased since the result is dependent on the intersection of all the resulting planes. Our

analysis is based on a least squares method to reduce the TDOA and LOCA results; however,

many approaches exist to improve the TDOA accuracy through other processing methods

or specialized geometries [82].

4.2 Analysis of Environmental Error Sources

The formulation and results of this section were published and presented at the 2025

IEEE Systems Conference [59].

In the previous section, we explored the impact to emitter localization accuracy from

effects of sensor positioning errors and time-of-arrival measurement errors with two geoloca-
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tion algorithms. We assumed the environmental effects, such as atmospheric refraction and

multipath scattering, were negligible. However, it is necessary to understand the impact of

the environment to the accuracy of the emitter localization, especially when operating in

a dense urban environment. This investigation is particularly motivated by the fact that

the UAS collection has the capability to operate in locations not accessible by conventional

fixed-wing sensor array hosts including dense urban environments, building interiors, under

tree canopies, etc. where effects due to multipath and the environment can be severe.

The assumption of constant signal propagation velocity neglects atmospheric refraction

effects and small-scale fading due to Rayleigh scattering and the presence of multipath, both

of which will affect location accuracies. Multipath is of particular concern when the sen-

sor array is deployed within a dense urban environment that may consist of large metallic

structures such as the steel frames of large buildings. The UAS-based wireless system con-

sidered here is assumed to be in the far-field but at relatively short operational ranges to the

emitters, thus, the multipath effects are assumed to be significant contributors among this

group. The incorporation of dynamically updated signal propagation speed and the use of

models that predict multipath effects such as a Rician propagation model could be option-

ally included in the sensor array if sufficient WANET bandwidth and a reliable means for

estimating the signal propagation characteristics were present. In this study, we assume that

these resources are not present, so that the impact of multipath is realized in the localization

process.

Because the received signal in urban environments is subject to multipath and atmo-

spheric impacts, we are expanding on our previous research to include these effects in com-

paring the performance of geolocation algorithms for cooperative UAS systems. In this

study, we simulate these environmental impacts using stochastically-derived urban propaga-

tion loss models, specifically those in ITU-R 1411-12 [83], that was revised just prior to the

composition of this study. The goal in this research is to locate an emitter with minimal

measurements and computations, and the current analysis seeks to identify and quantify the

environmental error sources in emitter geolocation.
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4.2.1 Path Loss Models

In a sensing scenario where the RF transmitting power of the emitter is unknown, a

given sensor si of i = 1, . . . , N sensors will receive a power level that is the equivalent

isotropically radiated power (EIRP) of the emitter reduced by the loss in that sensor Lsi and

environmental path loss from the emitter to the sensor. With an omnidirectional antenna,

this is the received signal strength, RSSi, and can be expressed as (4.15):

RSSi = EIRP − Lsi − LP , (4.15)

where LP is the total environmental path loss from the emitter to the sensor. For the

purposes of this effort, we assume that Lsi is known and therefore can be ignored.

Determining LP requires an understanding of the scattering mechanisms present in the

propagation environment. These mechanisms begin with the free space path loss (Lfsi), and

then include contributions from the moisture in the atmosphere (Latm) such as rain or fog,

and contributions from local scatterers and multipath fading such as the landscape, roads,

buildings, etc (Lref ). The path loss is defined by the total contribution of each of these

sources:

LP (dB) = Lfsi + Lref + Latm, (4.16)

where Lfsi is the free space path loss, Latm is the path loss due to rain, fog, etc., and Lref is

the path loss from local scatterers including multipath contributors.

4.2.1.1 Free Space Path Loss

In a scattering-free environment, free space RF propagation Lfsi for sensor si follows a

path loss defined by:

Lfsi (dB) = 20 log10

(
4πRif

c

)
, (4.17)

where Ri is the distance from the emitter to sensor si, f is the transmitting frequency of the

RF signal, and c is the speed of light.

For a given LP the estimated distance R̂i between a sensor and emitter pair could be
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found by transforming the free space equation into terms of Ri, and the signal transmit time

across the path can be found by dividing R̂i by c

t̂i =
R̂i

c
=

1

4πf
10LP /20. (4.18)

This is a limited approximation for our context, because in the presence of scatterers and real-

world sensor dynamics, the magnitude of LP will be greater than Lfsi, leading to inaccuracies

in R̂i. Further, in our application, this requires exact knowledge of LP , referenced from an

emitter with unknown power, so excluding all other losses and system gains, a direct range

measurement from LP is not feasibly known.

4.2.1.2 Urban Environment Path Loss

In [84], path loss profiles are surveyed for a variety of UAS-to-emitter scenarios. In this

text it was found for a complex environment with a number of scatterers, such as an urban

area, a dual-slope path loss model provides a best fit. This type of model has a path loss

profile that changes as Ri increases.

The International Telecommunication Union (ITU) Recommendation P.1411-12 [83] for-

mulates a stochastic dual-slope path loss model of height-dependent scenarios for short range

path loss in urban environments. In Section 4 of [83], the effects of streets and buildings are

examined with a single-bounce geometry to provide expected path loss in both line-of-sight

(LoS) and non-line-of-sight (NLoS) conditions between the transmitter and receiver. The

model considers transmitters and receivers operating below- and above-building rooftops,

assuming that building heights follow a Rayleigh distribution. Further, the model parame-

ters of average building height, average street and building widths, and average number of

buildings in given land area, can be modified for the type of physical operating environment:

urban high-rise, urban low-rise, suburban, and residential. Finally, for each scenario, both a

generalized statistical model and a site-specific model are provided for simulations utilizing

3-dimensional urban profiles.

The median loss for a given scenario is found by:

LM (dB) = 10αlog10 (Ri) + β + 10γlog10 (f) + Lσ, (4.19)
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Table 4.1: Coefficients from the ITU-R P.1411-12 for calculating propagation loss for a
variety of urban scenarios.

Frequency (GHz) Range (m) Environment LoS / NLoS Propagation height α β γ σ
0.8-8.2 5-660 Urban high-rise,Urban low-rise,Suburban LoS Below Rooftop 2.12 29.2 2.11 5.06
0.8-82 30-715 Urban high-rise NLoS Below Rooftop 4.00 10.2 2.36 7.60
0.8-73 30-170 Residential NLoS Below Rooftop 3.01 18.8 2.07 3.07
2.2-73 55-1200 Urban high-rise,Urban low-rise,Suburban LoS Above Rooftop 2.29 28.6 1.96 3.48

2.2-66.5 260-1200 Urban high-rise NLoS Above Rooftop 4.39 -6.27 2.30 6.89

where α is a coefficient associated with the increase of basic transmission loss with distance, β

is a coefficient associated with the offset value of the basic transmission loss, γ is a coefficient

associated with the increase of the basic transmission loss with frequency, and Lσ is a zero

mean Gaussian random variable, N (0, σ2), with standard deviation, σ (dB), defined for

specific scenarios. For NLoS urban environments, the model states that there will be an

excess loss with respect to free-space that will not exceed

NLoSexcess (dB) = 10log10
(
100.1A + 1

)
, (4.20)

where A is a Gaussian random variable, N (µ, σ2), with σ defined above and mean given by:

µ (dB) = LM − Lfsi. (4.21)

From [83], Table 4.1 provides the values of the above coefficients (α, β , γ, µ , σ) that are

relevant to the simulations herein. For the propagation height, “Below Rooftop” is a scenario

where both the transmitter and receiver are below the height of the roofs of the buildings in

the range, whereas “Above Rooftop” refers to the scenario where either of the transmitter or

receiver are located above the rooftop. In the "Above Rooftop" case, it is assumed the link

can be described with Lfsi.

Because the model statistically formulates loss profiles, shadowing effects of buildings are

incorporated into the coefficients such as Lσ, so the likelihood of shadowing and therefore the

associated loss increases more than Lfsi with increasing Ri. The model claims validity for

frequencies of 300MHz to 100 GHz and the coefficients in Table 4.1 are valid for the ranges

specified. However, to ensure that this model would be effective over the full ranges in this

48

I I I I 



simulation, the coefficient values were extrapolated to distances approximately 15% outside

the specified ranges.

For the analysis of environmental pathloss in this chapter, MATLAB is used to model

the signal interactions; however, MATLAB does not offer ITU-R P.1411 in its model library,

so the models were programmed with a custom implementation.

4.2.1.3 Atmospheric Path Loss

As a signal travels through the atmosphere, it is attenuated according to the geometry and

density of moisture, such as rain or water vapor (fog), in its path. The ITU Recommendation

P.838-3 [85] offers an empirically-derived signal attenuation model for determining the impact

of rainfall on signal attenuation using a statistical rain rate to determine the signal loss at

a specific frequency over a specified range. Further, the ITU Recommendation P.676-10 [86]

considers ambient temperature, pressure, and atmospheric water vapor density to determine

the signal loss at a specific frequency over a specified range. The MATLAB Communications

Toolbox [87] provides, among other capabilities, implementations of the above water vapor

model and the rain models, extended with the work in [88], for atmospheric path loss, and

those models are used in the simulations in this study. In Fig. 4.2, the additional path loss

in free space is shown using these atmospheric models. Modeling a “severe” condition for a

5GHz signal, it can be seen that rain has the dominant effect, however, the total atmospheric

loss is only approximately 0.5 dB at 1 km for a 5GHz signal.

Other atmospheric models were not considered because they fell outside the parameters

of this study. For example, models for fog are generally valid for frequencies greater than

10GHz, while this analysis considers a 5GHz signal with the assumption that the UAS array

is likely to be processing 5G New Radio signals [89]. Further, ionospheric and tropospheric

models consider a signal propagating in an altitude much greater than the 500m height that

is considered in this analysis.

4.2.2 Multipath Fading

The reflections of a signal against local scatterers will cause multipath fading depending

on the geometry and characteristics of the environment. Two fading models, Rician and

Rayleigh, are widely used to statistically model fading for LoS and NLoS conditions, respec-
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Figure 4.2: Impact of atmospheric attenuation at 5 GHz in ranges <1 km.

tively. Multipath fading is modeled according to the path loss profile of the propagation

channel, the path delay between the primary and multipath components, and the Rician

K-factor which is the ratio of the dominant channel component to the sum of all other com-

ponents. A Rician distribution is usually appropriate to model the small-scale amplitude

fading formed from an airborne UAS system to a stationary ground-based emitter [84].

To compute the multipath impact, the K-factor is environmental- and scenario-dependent.

Values of 28 dB have been found to be appropriate for a UAS mission in an urban area [90],

[91]. For this analysis, the MATLAB Communications Toolbox [87] was utilized to generate

the multipath fading characteristics, using the empirical path delay spread and path loss

models from [83].

Path delay spread impacts signal timing and is determined with scenario-specific co-

efficients. Section 5 of [83], provides the delay spread characteristics that were developed

empirically at several frequencies and geometries. For the “Below Rooftop” scenario described

previously, the delay spread impact in different geometries and environments is accounted for

using Gaussian random variables, N (αs, σs), with mean and standard deviation determined

by coefficients Cα, γα, Cσ, and γσ defined for different scenarios of the model:
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Table 4.2: Coefficients from the ITU-R P.1411-12 for calculating RMS delay spread for a
variety of urban scenarios.

Frequency range (GHz) Distance range (m) Urban environment A B Cα γα Cσ γσ
3.35-15.75 50-400 Below Roof-top - - 23 0.26 5.5 0.35
3.65-3.75 100-1000 Over Roof-top 0.031 2.091 - - - -

1.92-1.98, 2.11-2.17 100-1000 Over Roof-top 0.038 2.3 - - - -

αs (ns) = CαRi
γα (4.22)

σs (ns) = CσRi
γσ . (4.23)

For the “Above Rooftop” scenario, the median “RMS Delay Spread” is determined with

scenario-specific coefficients by:

Su (ns) = e(A•LM+B). (4.24)

The relevant coefficients for the delay spread characteristics are summarized in Table 4.2.

In the case where the distances or the frequencies did not correspond to the ones used in

this simulation, the coefficients were extrapolated based on the parameters provided in [83].

A representation of the implementation of these delay spread profiles over a fixed distance

is shown in the following figures. In Fig. 4.3, it is seen that the mean delay spread for the

Below Rooftops condition exceeds the delay spread for the Above Rooftops condition, but

due to the characteristics of the scattering environment, the difference in the delay spread

could vary significantly.

In Fig. 4.4, the mean delay spreads for the Above and Below Rooftop conditions are

compared to the signal delay value determined by (4.18). The distance from the emitter to

the sensor is increased to 1 km, and the path loss is found both by the free space path loss and

Lb determined by [83]. By using (4.18), the median signal strength in an urban environment

could be perceived to be from an emitter that is much further away than the true position.
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Figure 4.3: Comparison of delay spread profiles in height-specific geometries.

Therefore, the use of the time delay of the signal to sensors in various positions could resolve

this uncertainty and potentially inform characteristics of the scattering environment.
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Figure 4.4: Comparison of Delay Spread against Path Loss Delay.

4.3 Accumulated Error Models for Sensor Measurements

4.3.1 Range-like Measurement Model Weighting

To remain compatible with timing-based observables while keeping the KF measure-

ment fusion step lightweight, we treat each sensor’s time-of-arrival estimate as a range-like

measurement for weighting and consistency checks. In the simulation, TOA samples are

generated with a common transmit-time origin. In a real system with unknown transmit

time, the same weighting can be formed using differences relative to a reference sensor.

For sensor i ∈ {1, . . . , N} at snapshot k, define the debiased range-like measurement

rk,i ≜ c t̂k,i − benv(R0
i ), R0

i ≜ ∥si − êk,med∥, (4.25)

where benv(R) is the modeled mean excess-delay bias (Sec. 4.3.3) evaluated at the nominal

link range computed at the cloud center êk,med.

The corresponding variance used for inverse-variance weighting is modeled as

σ2
r,k,i = c2σ2

t,k,i + σ2
env(R

0
i ) + σ2

pos(si, êk,med), (4.26)
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where σt,k,i represents timing uncertainty, σ2
env(·) represents environment-induced excess-

delay variance in (4.31), and σ2
pos(·) represents the sensor-position-induced range variance

(approximated using an isotropic per-sensor position error model).

4.3.2 Linearized Information Covariance Floor for Fusion

Measurement covariances can become overconfident under poor geometry or strong mul-

tipath. To prevent unrealistically small Rk, we compute a linearized information floor using

the range-like measurement model evaluated at the fused centroid zk.

Define the range measurement function

gi(e) ≜ ∥si − e∥, i = 1, . . . , N.

The Jacobian row at zk is

hT
k,i =

∂gi(e)

∂e

∣∣∣∣
e=zk

= −(si − zk)T

∥si − zk∥
, i = 1, . . . , N, (4.27)

and the stacked sensitivity matrix is Hk ∈ RN×3,

Hk =


hT
k,1

...

hT
k,N

 .

Using the modeled variances from (4.26), form the diagonal covariance Rr,k ∈ RN×N :

Rr,k = diag
(
σ2
r,k,1, . . . , σ

2
r,k,N

)
.

The local information-like matrix and its inverse define a geometry- and noise-dependent

covariance scale:

Fk = HT
k R

−1
r,kHk + ϵI3, P

(lin)
k = F−1

k , (4.28)

where ϵ > 0 prevents numerical singularity.
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We enforce a conservative measurement covariance floor,

Rk ⪰ P
(lin)
k , (4.29)

by applying diagonal clamping so that the stabilized Rk is not more optimistic than the lin-

earized information floor. This provides a simple safeguard against numerical overconfidence

when the cloud covariance collapses due to poor geometry or transient multipath [92].

4.3.3 Environment-Induced Excess-Delay Statistics for Fusion

The fusion and covariance-weighting steps require a bias and variance model for environment-

induced delay. We represent the excess propagation delay on link i (relative to free-space)

as a random variable τenv,i whose statistics depend on the operating scenario (LoS/NLoS,

rooftop condition) and on the link geometry.

Using the ITU-R P.1411 path loss and RMS delay spread models, we generate Monte

Carlo realizations of the excess delay for each link over the range of distances used in simula-

tion. For a given nominal link range R0
i = ∥si − êk,med∥, we estimate the mean and variance

of the excess delay,

µτ (R
0
i ) ≜ E

[
τenv,i | R0

i

]
, σ2

τ (R
0
i ) ≜ Var

[
τenv,i | R0

i

]
, (4.30)

where στ (R) is driven by the scenario-dependent RMS delay spread relationships in (4.22)–

(4.24).

We map these statistics into the range domain via multiplication by the propagation

speed c:

benv(R
0
i ) ≜ c µτ (R

0
i ), σ2

env(R
0
i ) ≜ c2 σ2

τ (R
0
i ). (4.31)

In practice we evaluate these terms at the nominal ranges computed from the cloud center

êk,med and treat them as known model inputs during fusion and filtering.

4.4 Error Simulations

The evaluations in this section were published and presented at the 2023 IEEE Aerospace

Conference [11] and at the 2025 IEEE Systems Conference [59].
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4.4.1 Simulation Approach

For this analysis, the emitter-sensor system was modeled in MATLAB, where sensor

networks of fixed-location UAS are used to determine the location of a small, stationary

emitter transmitting a 5GHz signal from an omnidirectional antenna with known signal

characteristics. The sensor and emitter locations were randomized, following a uniform

distribution, in a simulated urban environment that is approximately 500 m wide, long, and

high, with the sensors within the far-field of the emitter at an operational range ∼200m from

the emitter. We assume all sensors receive the emitter signal with sufficient SNR, and the

simulations varied both the number of sensors and the locations of the sensors and emitter.

The UAS system was modeled with a variety of sensor quantities, with at least five

sensors to resolve ambiguities in three dimensions, and each UAS followed the architecture

in Fig. 1.1, including an omnidirectional antenna and parameter sharing capability across

an ad hoc network. Each sensor utilizes a LiDAR-based UAS self-positioning system that

has an accuracy of 2 cm, and a local clock source with a baseline accuracy of 10 ns (chosen

conservatively) that is varied in these trials. The local UAS clocks are assumed synchronized

prior to the mission and the UAS systems include a local sensor to determine their position

with respect to the other UAS sensors.

The self-positioning accuracy is supported by products such as Texas Instruments com-

pact LiDAR [71] permitting a ranging accuracy of 1 cm at 100m, which is better than

GPS [72]. Likewise, the 10 ns local timing source error is supported by small portable Chip

Scale Atomic Clocks (CSAC) that provide a basis for high resolution local timing sources

with low drift and jitter rates [9, 10] with ≤ 1 ns accuracy. Even without the presence of

timing source synchronization methods, the use of a CSAC-based local timing source allows

for a low-latency free-running source that is synchronized at pre-mission time only, and it is

therefore a reasonable approach to enable accurate emitter location estimates over limited

mission durations. Localization and timing errors are incorporated in a manner consistent

with the assumptions that result in (4.1) and (4.2).

For the environmental error analysis, the simulations were modeled for both an urban

low-rise and an urban high-rise scenario, and the path loss profiles were modeled in MATLAB

using the methodology in ITU-R P.1411 [83]. Because the localization algorithms are time-
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based, the TOA of the signal to each sensor was augmented by ITU-R P.1411 models for

estimated path loss and RMS delay spread. For atmospheric scatterers, the Crane [88] model

assumed a maximum rain rate of 30mm/hr and a maximum water vapor of 30 g/m3, each of

which can be considered “worst-case” weather conditions. We use Monte Carlo simulations

to characterize the impact of these errors on the performance of the algorithm. The emitter

location was determined using the LOCA algorithm for each Monte Carlo result.

The corresponding error parameter distributions used to augment the measurements are

summarized in Table 4.3.

Table 4.3: Error parameters for localization model.

Error Parameter Error Distribution

Self-positioning error (m) εU ∼ N (0, 0.02)

Local clock inaccuracy (ns) εc ∼ N (0, σt + 10)

Multipath delay spread (ns) εm ∼ 0.5∗N
(
23Ri

0.26, 5.5Ri
0.35

)
, (Table 4.2)

Time of arrival error (ns) εt,i = εm + εc
Scattering loss (dB) εP ∼ N (3, 5)

These parameter distributions are used throughout the simulation studies and controller

evaluations in Chapter 5.

In these simulations, time-difference measurements (TDOA) are the primary observables

used by both multilateration and LOCA to estimate the emitter location, utilizing the algo-

rithms in (2.4) and (3.2).

For each Monte Carlo trial n, we define the localization error magnitude as the Euclidean

distance dn = ∥ên−en∥2 (m). Across a set ofM trials, we report either (i) the mean Euclidean

error µd = 1
M

∑M
n=1 dn or (ii) the RMS Euclidean error (RMSE) RMSEd =

√
1
M

∑M
n=1 d

2
n.

Because dn ≥ 0, RMSEd ≥ µd, with RMSE more sensitive to occasional large-error trials.

These simulation results are then compared to the CRLB results to obtain an estimate of

overall performance.
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Figure 4.5: Example sensor geometry for five UAS sensors.

For TDOA-related analyses, the reference or anchor sensor is always placed at the origin,

as shown in Fig. 4.5 for a geometry of five sensors.

While a primary motivation for deploying a cooperative and wireless sensor array to

locate emitters is due to the ability to dynamically reconfigure the array geometry and to

improve emitter location accuracy through subsequent measurements, we choose to consider

the case where only a single emitter location estimate is performed at each simulated time

instance to capture worst-case behavior. Iteratively updating the emitter location estimate

by including subsequent measurements will greatly improve system accuracy, particularly

when new geometries are used that enhance the new field-of-view (FOV) in relation to the

previous FOV.

4.4.2 Simulation Results

4.4.2.1 Error-Free Performance Comparison of Multilateration and LOCA Approaches

For an analysis of error-free performance, the true location of the emitter is randomly

selected for 100 unique geometries. The number of receivers varies from 5 to 25 to show the

improvement in emitter location with increasing array size. We use Monte Carlo simulations

with 10,000 runs (i.e., 100 emitter geometries with 100 sensor geometries each) for our analy-
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Figure 4.6: Histogram of RMS error of TDOA and LOCA algorithms with no induced error.

sis. The same geometry, both in terms of quantities and locations, of each run was processed

with both the LOCA algorithm and a nominal TDOA (multilateration) algorithm to avoid

geometry bias in the comparisons of the two emitter location techniques. The distribution

of the localization performance for the error-free solutions for each of the TDOA and LOCA

algorithms is provided in Fig. 4.6 and, as is expected, Fig. 4.7 indicates that the error values

improve in a roughly logarithmic manner with increasing sensor quantities. Although it is

certainly dependent upon the specific mission objectives, it is generally observed that array

sizes of five to ten sensors should be sufficient for most applications.

4.4.2.2 Performance in the Presence of Local Sensor Timing and Positioning Errors

In the following simulations, sensor hardware errors are induced to quantify their impacts

on localization performance in terms of RMS Euclidean error across trials. The sensor

position inaccuracy is varied versus increasing sensor array size using the signal parameters

discussed in 4.4. Fig. 4.8 illustrates the impact of an increasing sensor positioning error and

shows how the error of the emitter location estimate increases as sensor positioning error
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Figure 4.7: RMS error of TDOA and LOCA algorithms with no induced error for increasing
sensor quantities.

increases.

If the sensors are localized with an intra-array method such as LiDAR, then the localiza-

tion error has an upper-bound to the accuracy from that sensor positioning method, which is

2 cm in this case. The availability of practical LiDAR ranging subsystems within individual

sensor elements greatly impacts the viability and practicality of using a collection of UAS to

serve as a cooperative wireless sensor array for the purpose of estimating an RF emitter lo-

cation since it provides an upper bound on array element localization error. Fig. 4.9 contains

simulation results in the form of RMS emitter localization error due to sensor positioning

errors, on a logarithmic scale, versus varying numbers of sensor array elements for a given

array geometry.

For the multilateration technique (referred to as “TDOA Location” in Fig. 4.9), the

overall absolute error in emitter location range is much higher than the CRLB, while the

same error for LOCA is much closer to the CRLB. As expected, the impact of sensor posi-

tioning decreased with more sensors and as also expected, the RMS emitter location range

error varies and depends upon array geometry. Although a variety of different randomly-
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Figure 4.8: Log RMS localization error of LOCA algorithm with increasing sensor positioning
error, upper-bounded by in-network sensor positioning accuracy.

Figure 4.9: RMS error of TDOA and LOCA algorithms with induced sensor positioning
error for increasing sensor quantities.
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Figure 4.10: RMS error of TDOA and LOCA algorithms with induced local timing inaccuracy
for increasing sensor quantities.

selected array geometries are analyzed, only a single representative example is included in

this chapter. There is a noticeable accuracy improvement for LOCA as the number of sensors

increases, whereas for the multilateration, or TDOA algorithm, the induced errors diminish

the processing gains found with increasing sensor quantities when the array size exceeds

eight sensors.

The local sensor timing error is also simulated for increasing numbers of array elements

using the same geometries and signal parameters as discussed in 4.4. Fig. 4.10 contains RMS

emitter location error, on a logarithmic scale, due to local sensor timing offsets versus an

increasing sensor array size.

Consistent with the results due to sensor localization inaccuracies, the multilateration, or

TDOA, error is significantly higher than the CRLB, whereas the LOCA error is significantly

closer to the CRLB. Again, there is an accuracy improvement with LOCA as the number

of sensors increases, whereas the TDOA error remains nearly constant. Therefore, we reach

the same conclusion that, although highly dependent upon mission parameters, an array size

in excess of eight sensors provides largely diminishing increases in emitter location accuracy.
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Figure 4.11: RMS error of LOCA algorithms with varying induced local timing inaccuracy
for increasing sensor quantities.

We sweep values of local sensor element timing inaccuracies from 1ns to 100 ns and show

their impact on emitter location accuracy using the LOCA method, with simulation results

shown in Fig. 4.11.

The cooperative use of increasing numbers of sensors in the UAS network can overcome

the local timing inaccuracies to a certain extent if the previously assumed 1 ns bound on

timing errors is not achievable in a geometry. As shown in Fig. 4.1, as the overall mean

range of the UAS array position to that of the true emitter location decreases, the received

signal SNRi at each sensor increases. If available, the utilization of array clock synchroniza-

tion methods decreases the emitter location error, and the emitter location resolution will

increase. In this case, since local timing source synchronization is likely an expensive oper-

ation, a larger array size with less accurate timing sources can be used to obtain an initial

emitter location estimate. Next, a timing source synchronization operation among a smaller

subset of array elements can be used to obtain a subsequent emitter location estimate that

is more accurate and that could potentially be acquired in a closer range to the emitter posi-

tion. Furthermore, the initial emitter location estimate could be used to select the subset of
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array elements to be synchronized, a new geometry for those elements, and even the choice

of an alternative emitter location algorithm to be used for subsequent measurements.

4.4.2.3 Performance in the Presence of Environmental Errors

The study of induced error is extended to external environment impacts including atmo-

spheric scattering and multipath from an urban environment. Environment-induced excess

delay (modeled using ITU-R P.1411 [83] RMS delay spread and associated statistics) can

be treated as an equivalent timing error, which allows the environmental error contributions

to be compared against the time-based Cramér–Rao Lower Bound (CRLB) and the individ-

ual hardware error sources, that is, the timing inaccuracies and positioning error, reported

in [11].

The mean localization error was evaluated for multiple sensor quantities over 1000 ran-

domized sensor/emitter geometries in urban high-rise and urban low-rise environments and

with atmospheric scattering. For each geometry, we performed 500 Monte Carlo channel

realizations (per ITU-R P.1411 excess delay [83]) to capture varying environmental perfor-

mance, and computed the mean error over those trials. As shown in Fig. 4.12, atmospheric

scattering alone produces substantially lower localization error than urban multipath and

is on the same order as a system with approximately 1 ns local timing inaccuracy. In an

urban low-rise multipath environment, the system appears to converge to similar accuracy

as a system with 10 ns timing inaccuracy, while the urban high-rise multipath case yields

higher error than the low-rise scenario but still performs better than that of a system with

50 ns timing inaccuracy. From this initial analysis, Fig. 4.12 also indicates that increasing

the number of sensors significantly reduces the impact of environmental effects, but that the

accuracy gains diminish beyond nine sensors. This trend is consistent with [11] (see Sec-

tion 4.4.2.2), where increasing array size under local clock inaccuracy and sensor positioning

errors provided limited additional benefit beyond approximately eight sensors; therefore, the

remainder of this study considers a system size of no more than nine sensors.

4.4.2.4 Accumulation of Errors

We accumulate the impact of environmental scatterers with the hardware error models

from [11] in our performance evaluation of the cooperative UAS. For TDOA localization

64



Figure 4.12: Localization Error due to hardware errors and environmental scatterers with
up to 15 Sensors.
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algorithms, it is necessary to quantify the error contribution from UAS sensor position es-

timates and clock synchronization offsets that could cause TDOA errors when correlating a

time-stamped signal.

We model the effective TOA at sensor i as a sum of nominal free-space TOA and additive

error processes:

t̂i = ti + ϵ
(clk)
t,i + τatm,i + τmp,i, (4.32)

where ϵ(clk)t,i captures local clock error, and τatm,i and τmp,i capture atmosphere-induced and

multipath-induced excess delay, respectively. In the range domain,

r̂i = c t̂i. (4.33)

Accordingly, the range-difference measurement (relative to reference sensor 1) becomes

∆ri1 = (ri − r1) + c
[
(ϵ

(clk)
t,i − ϵ

(clk)
t,1 ) + (τatm,i − τatm,1) + (τmp,i − τmp,1)

]
. (4.34)

Sensor position error is modeled by ŝi = si + ϵs,i as in (4.1).

With the hardware and environmental error contributions formulated and with the the-

oretical lower bound assessed, we use this information to quantify the impact of these errors

in emitter localization accuracy.

In Fig. 4.13, we accumulate the environmental and hardware errors for both urban mul-

tipath settings and present the localization error distribution of per-trial Euclidean errors

for random emitter positions and random initial, i.e., static, sensor geometries over different

UAS array sizes N . For both urban settings, the mean (µ) and median (med) localization

error improve as N , with the most significant improvement occurring from N = 5 to N = 6.

In an urban setting, and especially in a high-rise environment, the inclusion of a sixth sensor

significantly mitigates the errors introduced by the scatterers. In addition to the improve-

ment in mean localization accuracy, the distributions also show an increasing density of

high-accuracy outcomes as sensor quantity grows, reflecting the combinatorial advantages of

the LOCA algorithm.

While the above analysis was a 500m volume with sensors within ∼250m of the emitter,
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Figure 4.13: Distribution of localization error with accumulated hardware and environmental
errors and increasing sensor quantity N in [a.] urban low-rise and [b.] urban high-rise
settings.

even in this relatively short range, the performance suffers. For the remainder of this analysis,

we expand the range to 2000 m horizontally and maintain 500 m vertically. In this longer

range, the performance degrades significantly, as shown in Fig. 4.14, from increased multipath

scattering and longer signal transit times. We are thereby motivated to develop a capability

to improve the localization accuracy.

Figure 4.14: Distribution of localization error with accumulated hardware and environmental
errors and increasing sensor quantity N in large dense multipath environment.
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Chapter 5

OPTIMIZING EMITTER LOCALIZATION ACCURACY WITH UAS GEOMETRY

CONTROLLER

5.1 Motivation

The previous chapters established the LOCA localization pipeline for cooperative UAS

arrays and quantified the dominant hardware and environmental error sources that limit

practical performance in dense urban settings. A key conclusion from the accumulated error

analysis is that the array geometry is not a static design choice: in a multipath-dominated

environment, adaptive changes in relative sensor placement can shift the estimator from an

ill-conditioned regime (wide solution clouds and large SEP50) to a well-conditioned regime

where redundant triads reinforce a consistent solution.

Accordingly, this chapter focuses on geometry-adaptive localization, where the UAS net-

work repositions between localization snapshots to reduce uncertainty and drive the solution

cloud toward a compact, consistent region with minimal ambiguities. In considering an ideal

geometry, we inform the new sensor geometry by exploiting the conic and quadric theory

inherent in LOCA. Since the LOCA algorithm views the sensor-emitter geometry as an anal-

ysis of a conic section in 2D and a quadric in 3D, we consider the focal properties of the conic

and quadric. In 2D, both a circle and a parabola contain one foci, and their corresponding

quadrics, the sphere and paraboloid, also contain one foci. Therefore, a geometry that places

the sensors along the surface of a sphere or paraboloid with the emitter at the focus could

generate an ideal geometry for LOCA, since this geometry will result in exactly one focal

point.

Further, and typically for geolocation algorithms [61], the circular and spherical error

probable (CEP, SEP) is utilized as a summary figure of merit to define the likelihood that a

calculated emitter geolocation is equivalent to the true geolocation in the presence of errors.
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We consider the target CEP and SEP as a guiding factor to how tolerable is the system for

a growing magnitude of error. To take advantage of the combinatorial aspects of multiple

sensors, we determine the SEP by utilizing the LOCA algorithm for subsets of the UAS

up to the full UAS array. As the emitter estimates are determined, a corresponding SEP

is generated that provides a confidence region for the emitter location. By using both the

full UAS array and subsets of the UAS for different localization estimates, we realize the

combinatorial advantages of the distributed UAS as provided by LOCA.

Additionally, as the sensors converge on the emitter, the RSS will increase at each sensor.

The combination of the improved RSS, the emitter location SEP, and the idealized geometry

introduces a novelty in our method and differentiates our approach from previous work that

focuses solely on increasing RSS. Weighting both the RSS and the SEP emitter location

estimate as part of the ML objective function augments the maximum reward, and we study

both this approach with the idealized geometry determination and compare it to the RSS-

only approach to evaluate the benefits to the overall system "time-to-target convergence

efficiency".

5.1.1 Repositioning Concept

To conceptualize the advantages of repositioning, in Figure 5.1, we illustrate an initial

repositioning scheme in that utilizes both cooperative UAS emitter localization estimates and

individual UAS element emitter received signal strength (RSS). This scheme was analyzed, in

a simulated small environment for 1000 trials of random sensor and emitter positions, to show

the initial effectiveness of UAS repositioning on improving the localization perforamnce in a

dense scattering environment. Once the emitter location estimate was initially determined, a

rudimentary repositioning approach was applied to the sensor locations. In this approach, the

three sensors with the simulated highest-magnitude emitter RSS were relocated to a position

50% closer to the LOCA-estimated emitter position. The simulation repeated the approach

with the new sensor locations to iteratively reposition the sensors, continuing to choose the

sensors with the highest magnitude RSS, until three repositioning iterations were performed.

The results shown in Fig. 5.1 are in terms of the mean accumulated localization error for the

iterative searches with 1, 10, and 100 ns timing inaccuracy for both the urban low-rise and
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Figure 5.1: Mean accumulated localization error in iterative search events of a stationary 5
GHz emitter for varying UAS array size with [a., b.] 1 ns local timing inaccuracy, [c., d.] 10
ns local timing inaccuracy, and [e., f.] 100 ns local timing inaccuracy in [a., b., c.] urban
low-rise and [d., e., f.] urban high-rise multipath environments.
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urban high-rise environments and for five to eight sensors. As the search algorithm adaptively

repositions the sensor array informed by the emitter location estimate and highest RSS,

the accumulated localization error decreases for all sensor and environmental cases. Each

iteration shows approximately 40% improvement in the localization error for 1 ns timing

inaccuracy. Similar analysis for the 10 ns case shows 28% improvement, while 100 ns sees

16% improvement. Thus, an informed and adaptive UAS repositioning scheme significantly

improves localization accuracy.

5.1.2 Autonomy Considerations

We consider that in a real mission, the UAS array is fully autonomous. Autonomy is

defined using the NIST Levels of Autonomy [93], also known as the Autonomy Levels for

Unmanned Systems (ALFUS). ALFUS considers three metrics to determining the autonomy

of a given system: the complexity of the mission, the complexity of the environment, and

the level of operator independence. Each of these metrics are scored to determine an overall

autonomy level. The assumption in the autonomy of the system presented here is that the

path planning decisions are both guided by obstacle avoidance and by the outcome of the

geometry optimization algorithm. Without optimizing the geometry through dynamic re-

configuration, the UAS is highly dependent on the operator to determine where to perform

the searches, which minimizes the effectiveness of the mission and limits the adaptation of

the UAS. Further, the system is susceptible to decisions that are influenced by multipath

errors in the environment which provides a high solution/possibility ratio to the emitter lo-

cation. Utilizing the guidance in the ALFUS framework, without dynamic reconfiguration,

the system would likely score a 5 of 10 for levels of autonomy. However, utilizing a dy-

namic reconfiguration approach would improve all three metrics. First, the human reliance

is mitigated with the ability to automatically determine subsequent geometries, so that an

operator can now provide strategic goals to the UAS instead of individual waypoints. While

the conditions of the environment do not change, the UAS is less influenced by the complex-

ities of the environment as the individual sensors move towards improved RSS, so that the

solution/possibility ratio is improved as is the margin for error with the optimized geometry.

Finally, the dynamic reconfiguration improves the adaptability of the UAS to the mission
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scenario to include real-time decision making based on sensor feedback from improved loca-

tion estimates. With an improvement to each metric, the ALFUS score increases to 8 of 10.

A visualization of the three-metric scoring mechanism with ALFUS is presented in Fig. 5.2,

where we show the improved scores of the system with the dynamic reconfiguration ability

compared to the system without the dynamic reconfiguration ability.

Figure 5.2: ALFUS Framework shows three-axis improvement to autonomous capability with
the introduction of Dynamic Reconfiguration.
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Chapter Outline This chapter provides the results of evaluations performed in the de-

velopment of the geometry controller architecture:

1. We provide motivation and setup (this section and Section 5.2) for the evaluations,

including pertinent background information for the controller evaluation.

2. We evaluate a heuristic baseline geometry controller (Section 5.3) that provides an

interpretable reference and exposes the main failure modes in multipath. Results were

published and presented at the 2025 IEEE Systems Conference [59].

3. We evaluate a deep Q-network (DQN) geometry controller, including a shared

consensus policy that allows the policy to be extended to any quantity of homogeneous

sensors (Section 5.4). Results were published and presented at the 2025 Asilomar

Signals, Systems, and Computers Conference [94].

4. We perform multi-algorithm RL comparison across DQN, MADDPG, A3C, MAPPO

against to the heuristic controller under matched interfaces and stopping criteria (Sec-

tion 5.5). Results were originally submitted for publication at the 2026 ICASSP con-

ference (not accepted) and have been recently resubmitted for publication at the 2026

Asilomar Signals and Systems Conference [95].

5. We compare our Python simulation against the EXata digital-twin for the DQN

controller (Section 5.6). Results were accepted for publication and presented at the

2026 IEEE Aerospace Conference [96].

The models that are presented reference the LOCA estimator, solution-cloud filtering,

EEP/CEP/SEP definitions, and the ML architectures from Chapter 3, and we reference the

hardware and environmental error models from Chapter 4.

5.2 Comparative Evaluation Considerations

Across all controllers considered in this chapter, we consider an iterative refinement of

a 3-D emitter estimate using a cooperative UAS array. At snapshot k, LOCA produces a

filtered solution cloud Λk and a fused estimate Êk with an associated uncertainty metric (e.g.,

SEP50). The controller selects a movement action for the sensors, the array repositions, and
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LOCA is re-run at snapshot k+1 using the updated geometry. The loop repeats until the

convergence targets are met or the step budget is exhausted.

5.2.1 Controller interface

Each controller (heuristic or learned) operates on a common observation/action inter-

face. The observation vector is intentionally composed of quantities available from estimator

outputs and from the known sensor geometry, without assuming AoA capability or phase-

coherent receivers. Actions are parameterized as bounded 3-D movement vectors for each

sensor.

Episodes terminate when the convergence targets are met (for example, when SEP50 ≤

2m), or when a maximum step budget is reached. Unless otherwise specified, localization

error sources (clock/position errors and environmental multipath) follow the models and

parameter choices in Chapter 4.

5.2.2 Performance metrics

Performance is evaluated using: (i) final localization error ∥Ê − E∥2, (ii) SEP50 from

the solution cloud, (iii) total movement distance (by all UAS elements for a localization

episode), (iv) total steps to convergence (number of "snapshots" an repositioning steps), and

(v) success rate (fraction of trials meeting the convergence targets within the step budget).

Reported statistics are computed over Monte Carlo runs with randomized initial sensor and

emitter locations.

5.3 Heuristic Geometry-control

The formulation and results of this effort were published and presented at the 2025 IEEE

Systems Conference [59].

5.3.1 Background

In consideration of UAS repositioning methods, the authors in [41, 45] optimize the ge-

ometric configuration of the UAS to improve the accuracy of the localization based on the

RSS. We implement the notion of this RSS-based approach and extend it by quantifying the

capability with a robust environmental error model. However, these RSS methods and re-

lated ones either rely on pre-defined optimized geometries that do not consider the dynamics
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of a complex RF signal environment [2,45], they are computationally complex utilizing low-

rank optimization and trajectory planning [2, 97], or they consider only RSS [2, 41], which

may not be useful in geography-constrained situations.

The authors of [2] utilize RSS and add a complex algorithm to perform collaborative

processing within the UAS to improve the inter-UAS positioning estimates. They combine

these measurements with angle of arrival data and implement super multidimensional scaling

with patch dividing/merging techniques. In a similar level of complexity, the authors of [97]

perform a dynamic repositioning approach utilizing semidefinite programming and alternat-

ing convex optimization to determine the emitter location and the UAS iterative geometry

via pre-determined waypoints. Further, approaches such as [97] and [98] consider trajectory

planning with a single UAS and do not consider a cooperative UAS array.

While effective, many methods like these are computationally demanding and require

physical convergence on the emitter. Our study examines similar approaches, yet we dif-

ferentiate our work by showing that utilizing a localization algorithm while remaining at a

distant range and incorporating real-time environmental feedback to inform iterative updates

to the sensor geometry provides a continuous refinement of localization estimates.

5.3.2 Heuristic action rules

A heuristic controller provides an interpretable baseline that requires minimal training

data and computational expense, which is attractive for UAS payload constraints. Second,

its failure modes help motivate the need for learning-based control in multipath-dominated

settings.

The heuristic controller considered here uses the current solution-cloud geometry to

choose movement actions. At each snapshot, a repositioning scheme is applied to the sen-

sor locations, where a sensor subarray corresponding to a certain suboptimal condition is

relocated to a new position and the target position is subsequently estimated. The ap-

proach continues with the new sensor locations to iteratively reposition the array. By only

repositioning the subset of the UAS array that corresponds to the suboptimal conditions,

we adapt the geometry to the environment and expect to improve the overall localization

accuracy. We consider as a performance metric the reduction of the SEP radius for each
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iterative repositioning step. Two methods are based on geometrically converging a subarray

on the centroid to reduce the range-based error, while one method is based on randomly

repositioning a subarray to potentially remove a NLoS condition. The last method finds an

equal range to the centroid for a subarray to reduce the TDOA errors, the goal of which is

to exploit the inherent geometry of the LOCA algorithm to find optimal positions without

geometrically converging on the emitter. These repositioning schemes are as described below

for each localization step:

I. RSS Convergence:

1. Determine the emitter estimate centroid and the range from each sensor to the centroid,

Ri, using (10).

2. Identify the three sensors, si, sj, sk, with the lowest RSS, such that RSSi ≤ RSSj ≤

RSSk ≤ . . . ≤ RSSn.

3. Reposition si, sj, sk to a location 25% closer to the centroid.

II. Best Estimate Random:

1. Determine the emitter estimate centroid and the range from each sensor to the centroid,

Ri, using (10).

2. Consider from (10) the contribution of each si to the set of emitter estimates (130

estimates for the 8 UAS system).

3. Next, determine the median absolute deviation from the centroid for each estimate and

associate that deviation with each sensor used for that estimate.

4. Compute the total deviation for each sensor as a sum of all deviations associated with

that sensor.

5. Identify si, sj, sk with the highest deviation.

6. Reposition the subarray si, sj, skto a random position.

III. Best Estimate Convergence:

1. Perform method in {II} through step {5}.

2. After identifying si, sj, sk, reposition the subarray to a location 25% closer to the

centroid.
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IV. Best Estimate Equidistant:

1. Perform method in {II} through step {5}.

2. After identifying si, sj, sk, reposition the subarray to a location that is the mean range

of si, sj, sk to the centroid.

5.3.3 Baseline performance in dense-urban multipath

After each initial localization, the UAS repositioning approaches {I}-{IV} were indepen-

dently modeled for 25 steps. At each step, the localization estimate was repeated using the

described MATLAB simulation environment to inform the accuracy improvement in dynamic

repositioning.

Although the added sensors provide increasing localization accuracy in the presence of en-

vironmental scatterers, we are seeking to maximize this accuracy for all sensor quantities by

exploiting the mobility of the UAS network and utilizing the cooperative aspect of the UAS

array via emitter localization at the subarray-level. Therefore, we consider the repositioning

approaches and the mitigation of the accumulated environmental errors with adaptive UAS

geometries. Further, we analyze reducing the SEP radius as a metric to quantify improve-

ments to the localization accuracy with successive geometries, with the assumption that these

metrics are correlated. Fig. 5.3 shows the SEP propagation for the case where no hardware

or environmental errors are present. In this case, the RSS and the equidistant approaches

continually improve the SEP, while the methods of random repositioning and best estimate

convergence have a minor impact to the SEP radius & localization error. For the RSS

method, this is expected as all elements eventually migrate towards the target and ensure

their TDOA, and thus their solution offset, is minimized. The best estimate convergence

approach remains static because, in an error-free case, the localization estimates completely

converge regardless of sensor position, while the TDOA will not necessarily converge as in

the case of the equidistant approach.

We apply our repositioning methods in a simulated scenario representative of an urban

scattering environment with a 10 ns local timing inaccuracy and 2 cm UAS positioning

error with 6- and 9-element UAS arrays. The dynamic repositioning results presented in

Fig. 5.4 show the SEP radius and localization error improvement normalized to the initial
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Figure 5.3: Spherical error probable (SEP) radius with iterative geometries in error-free
environment by repositioning subarray with: 1) lowest RSS towards centroid, 2) largest
LOCA deviation to random location, 3) largest LOCA deviation towards centroid, and 4)
largest LOCA deviation to equidistant range.

SEP radius and localization error for each scenario. In general, as the search algorithm

repositions the sensor array, the SEP radius and localization error decrease, except for the

random repositioning approach, which shows no improvement. The RSS method offers the

greatest improvement, which is a direct result of the path loss models from [83], such that

a smaller propagation distance results in a lower error term compared to the overall signal

strength. However, the equidistant approach, which does not rely on physical convergence

like RSS, provides a similar reduction in SEP radius and localization error. Further, while

the 6-element UAS array offers an overall higher initial localization error than larger arrays

as seen in Fig. 4.13, it experiences a consistently greater improvement to the SEP radius

with an adaptive geometry compared to the 9-element UAS case.

The adaptive geometry approach enables the system to minimize environmental and

hardware errors in its localization performance irrespective of the array size, with a greater

impact of improvement with smaller arrays. Further, the equidistant approach offers an

alternative to methods that converge on the emitter location, allowing missions to improve

their localization accuracy at standoff distances.
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Figure 5.4: Reduction in spherical error probable (SEP) radius and localization error as a
percentage of initial SEP and localization error for 6-sensor and 9-sensor UAS arrays, in
presence of environmental and hardware errors by repositioning subarray with: 1) lowest
RSS towards centroid, 2) largest LOCA deviation to random location, 3) largest LOCA
deviation towards centroid, and 4) largest LOCA deviation to equidistant range.
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Figure 5.5: Comparison of total path length traveled by each UAS and the associated lo-
calization error reduction for repositioning subarray with: 1) lowest RSS towards centroid,
2) largest LOCA deviation towards centroid, and 3) largest LOCA deviation to equidistant
range.

Last, we consider mission effectiveness by evaluating localization error as related to the

total distance traveled by the UAS for each method. In Fig. 5.5, we see that for the equidis-

tant method, the UAS travels approximately half the distance of the RSS method to achieve

an equivalent localization performance, resulting in a reduced usage of system resources

and mission time. The best estimate convergence method has a plateau of performance

after traveling the same length as the equidistant method; however, it does not improve its

localization accuracy to the same magnitude as the other approaches.

5.3.4 Evaluation Summary

The simulation and analysis in this investigation informs the viability of a reconfigurable

cooperative wireless sensor array for emitter localization in an urban environment. Informed

repositioning of the UAS sensor array results in improved accuracy in localization without
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requiring physical convergence on the emitter, providing more mission flexibility than RSS-

based methods. The sensor array utilizes the LOCA algorithm to generate target location

estimates with its distributed subarrays and with the full array, enhancing its flexibility as a

cooperative emitter localization system. The localization error can be minimized with a small

quantity of sensors and a low-complexity localization and optimization algorithm, reducing

the overall system cost without sacrificing performance. While a 5-sensor cooperative UAS

array is minimally suitable for emitter localization with this method, increasing the array size

with up to nine sensors significantly enhances accuracy and enables more dynamic missions

at both the array- and subarray-level.

Subsequent sections we explore the use of machine learning methods to optimize UAS

sensor positions, driven by these findings that dynamically reconfiguring the array allows for

improved emitter localization accuracy.

5.4 Deep Q-network geometry control

The formulation and results of this effort were published and presented at the 2025

Asilomar Signals, Systems, and Computers Conference [94].

5.4.1 Background UAS DQN Approaches

We study a fully decentralized [48, 99] multi-agent deep Q-learning (DQN) framework,

utilizing a time difference of arrival (TDOA) algorithm, where UAS agents independently

optimize their policies to promote geometries that minimize localization error in complex

multipath environments. After training, we perform a pairwise comparison analysis of the

policies learned by each agent to find a single representative “consensus” policy [100] that

can be applied to all agents for system operation. While other approaches optimize policies

during training or reach consensus at run-time [101], the consensus representative policy

method offers a simple architecture that is scalable to larger drone network sizes without

additional training or cross-agent learning parameter sharing.

Reward Methodology We evaluate three methods to inform the UAS geometry, utilizing

both the SEP (defined in Chapter 3, Section 3.2.2) determined by the LOCA algorithm and

the RSS. The success of each method is measured by its reduction of median localization

error, which is only captured as a metric, and is not used as a parameter in the training,
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since the true target location is unknown in practice. We consider three reward methods:

RSS Optimization, SEP Optimization, and combined RSS & SEP Optimization.

RSS Optimization: The reward is maximized when the aggregate RSS at a given times-

tamp is greater than the previous step, as in [43], promoting the UAS geometry to physically

converge on the emitter.

SEP Optimization: The reward is maximized when SEP decreases [59] relative to a

previous timestamp, so that the geometry is optimized towards sepmin. This case does not

require geometric convergence on the emitter and gives the system the freedom to optimize

the geometry according to the localization algorithm.

RSS & SEP Optimization: The reward is maximized by equally weighting geometry

that both reduces SEP and increases RSS.

Our geometry-optimizing localization algorithm is summarized in Algorithm 3.

5.4.2 Shared (consensus) policy for homogeneous sensors

Because the DQN architecture is comprised of independent agents and because the LOCA

algorithm supports individual sensors operating toward an optimized geometry, the policies

learned by one agent could potentially be applied to another. Therefore, after training

a small set of UAS drone elements, we analyze learned policies to generate a consensus

representative policy. The consensus policy [100], [101] approach assesses the individual

policies for similarity using pairwise mean absolute differences and Pearson correlation to

identify a single representative policy that is most similar to all agent policies. We apply

this representative policy to all agents, replacing the independent policies learned during

training. This consensus policy approach allows us to scale the UAS system to any number

of elements without additional training. The approach is enabled both by using a network of

UAS that have the same hardware architecture and by the use of a localization algorithm that

is optimized by a distributed sensor geometry [59]. This approach preserves a distributed

execution model while allowing centralized training with shared experience across sensors.

5.4.3 Training configuration

The simulated system was first evaluated with the 8-UAS case with the individual (non-

consensus) policies developed during the training. The evaluation utilized the same simula-
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Algorithm 3: Optimizing UAS Geometry for Localization
Require : Emitter location E (known only in simulation for diagnostics); initial UAS

locations U0; max steps nmax; SEP threshold SEPmin; discount γ
Ensure : Final estimate ên and (simulation-only) localization error ξ

1 Initialize online Q-network Qθ(s, a) and target network Qθ−(s, a) [48]
2 Initialize replay memory D
3 Choose reward condition: (i) RSS optimization, (ii) SEP optimization, or (iii) both
4 Estimate Ê0 and SEP0 using LOCA
5 s0 ← {U0, TDOA0, SEP0, RSS0}
6 done← false; n← 0
7 while not done do
8 Action selection:
9 With probability ϵn, select a random displacement an; otherwise select

an ← argmaxaQθ(sn, a)
10 Execute motion & sensing:
11 Un+1 ← Un + an
12 Measure TDOAn+1 and RSSn+1

13 Localization & uncertainty:
14 Run LOCA to obtain candidate solutions Ên+1

15 ên+1 ← median(Ên+1)
16 Compute SEPn+1

17 sn+1 ← {Un+1, TDOAn+1, SEPn+1, RSSn+1}
18 Reward:
19 if reward condition is met then
20 rn ← +1
21 else
22 rn ← −1
23 if n+ 1 ≥ nmax or SEPn+1 ≤ SEPmin then
24 done← true

25 DQN update (training):
26 Store (sn, an, rn, sn+1, done) in replay D
27 Sample a minibatch from D
28 yn ← rn + (1− done) γmaxa′ Qθ−(sn+1, a

′)
29 Minimize (yn −Qθ(sn, an))

2 over the minibatch (MSE or Huber)
30 Periodically update θ− from θ (hard copy or soft update)
31 n← n+ 1

32 ξ ← ∥E − ên∥2
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Figure 5.6: Evaluation metrics for the UAS geometry optimizer with per-agent policies,
rewarded by a combination of SEP and RSS. Performance shows the final localization error,
the average distance moved per drone, and the number of repositioning steps to convergence
across all evaluation episodes for the given policy approach.

tion environment as training, including hardware errors and multipath effects, with different

emitter locations and initial UAS starting positions. Next, the consensus policy was cre-

ated and applied to the simulated system, again using the same simulation environment as

the training with the same emitter locations and initial UAS starting locations as the inde-

pendent policy evaluation. For the 8-UAS case, for each of the independent and consensus

approaches, we conducted 1500 evaluation episodes. We then scaled the consensus policy to

larger UAS swarms by applying the same policy to each additional UAS in the network. For

the 9-12UAS swarm array size cases, we evaluated fewer trials than the 8-UAS case due to

faster convergence.

For the baseline 8-UAS configuration, the localization performance metrics for the inde-

pendently trained policies (Fig. 5.6) and the learned consensus policy (Fig. 5.7) are nearly

identical in terms of localization error, per- drone distance moved, and the number of repo-

sitioning steps. These results indicate that the consensus policy preserves both convergence

behavior and motion cost observed during training. Therefore, for this architecture, the

policy-selection procedure does not degrade performance and a single representative policy
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Figure 5.7: Evaluation metrics for the UAS geometry optimizer with single consensus policy
applied to all agents, rewarded by a combination of SEP and RSS. Performance shows the
final localization error, the average distance moved per drone, and the number of reposition-
ing steps to convergence across all evaluation episodes for the given policy approach. Metrics
are comparable to per-agent policy results.

can effectively replace individually trained agent policies.

After evaluating the 8-UAS case, we evaluated the 9-12 UAS cases. Table 5.1 provides the

metrics for the individual policies and the shared consensus policy evaluated on the 8 UAS

system, and it provides the metrics for scaling the UAS array size under the shared consensus

policy. As the swarm increased from 8 to 12 UAS (Table 5.1), the mean localization error

drastically reduced from 8m to nearly 0 m (>99.9% reduction), and the standard deviation

reduced from 21m to 0m, which is an expected performance improvement with increasing

UAS array size [59]. At the same time, the mean per-drone distance moved decreases from

567m for 8UAS to only 7.2m for 12 UAS, and the mean repositioning steps to convergence

is reduced from 129 to 2. The intermediate 9–11UAS cases follow the same trend, with

agents simultaneously reducing localization error, tightening the spread of outcomes, and

traveling shorter distances for convergence. The behavior shows that the approach becomes

increasingly advantageous as additional agents are added to the swarm because the consensus

policy approach allows scaling the UAS size without retraining agents.
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Table 5.1: Shared consensus policy performance evaluation with increasing UAS quantity.

UAS Array
Size

Final Localization
Error (m)

Per-Drone Distance
Moved (m)

System
Repositioning Steps

Mean (µ) Median (med) Std. Dev. (σ) µ med σ µ med σ

8 (individual
policy) 9.3 1.0 22.3 559 522 415 133 77 210

8 (consensus
policy) 8.7 0.9 21.0 567 529 390 129 83 194

9 0.6 0.0 2.5 221 108 287 36 12 64
10 0.1 0.0 0.3 69 1.6 160 10 2 21
11 0.02 0.0 0.1 19.1 1.5 66 3 2 8
12 0.01 0.0 0.1 7.2 1.5 39 2 2 4

The evolution of localization performance over episode steps Fig. 5.8 further highlights

the benefit of scaling the array. For all swarm sizes, the system reduces localization error as

the geometry is adapted, but larger swarms converge faster and more reliably. Whereas the

8-UAS case often requires tens to over 100 steps to reach a low-error configuration, the 11-

and 12-UAS cases typically converge within a few steps, with much lower residual error due to

improved geometric diversity and larger volume of localization estimates from LOCA-based

TDOA measurements.

The three reward structures (RSS-only, SEP-only, and combined RSS+SEP) also show

distinct behaviors. The RSS approach encourages physical convergence on the emitter and

can achieve low error, but often requires more motion and steps because it is unaware of

malformed geometries that degrade TDOA localization. The SEP-only approach focuses

on improving LOCA geometry and often achieves low errors without clustering around the

emitter. The mixed RSS+SEP reward provides the best trade-off, consistently reaching

the smallest mean error with few steps and limited per-drone distance. Together with the

consensus policy scaling results, these results show that combining a geometry-aware metric

(SEP) with a physically intuitive metric (RSS) produces swarm behaviors that are both

mission-efficient and tolerant to multipath conditions.

Conclusion The agents trained independently and naturally converged to similar be-

havioral policies due to the shared optimization approach. Through decentralized learning
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Figure 5.8: Comparison of mean localization error with increasing size of UAS “drone swarm”
and different optimization reward approaches: RSS Optimization (top), SEP Optimization
(Middle), RSS & SEP Optimization (bottom). Results find minimal error and fewest steps
to convergence with 12 drones in a mixed RSS+SEP reward structure.
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and consensus policy selection, this work enables accurate cooperative localization of emit-

ters with simplified scalability to larger drone networks. The consensus policy maintains

performance for the original 8-UAS configuration while providing substantial gains when

additional UAS are added, reducing mean localization error by more than two orders of

magnitude with fewer steps and less per-drone motion.

In the next section, we extend the controller to alternate learning methods, followed by the

incorporation of more robust communication models using a digital twin. As an additional

goal, we seek fewer steps to convergence by performing additional reward shaping.

5.5 Comparison to alternative reinforcement-learning controllers

While DQN provides a strong baseline for discrete-action control, multi-agent variants

may better exploit the structure of cooperative sensing problems. To test this hypothesis, we

compare DQN against MADDPG, A3C, and MAPPO under a matched observation/action

interface, identical stopping criteria, and the same error-model conditions. The intent is not

to exhaustively tune each algorithm, but to measure whether additional coordination mech-

anisms (centralized critics, actor-critic training, or proximal policy updates) yield consistent

gains for geometry control.

MADDPG [52] extends deterministic policy gradients to cooperative multi-agent settings

using centralized training and decentralized execution, which can improve coordination but

introduces sensitivity to hyperparameters and credit assignment. A3C [51] uses parallel

actor-learners to stabilize value estimates and improve sample efficiency in on-policy settings.

MAPPO [53] extends PPO to multi-agent problems under a centralized value function, which

often improves stability for cooperative tasks with shared reward.

We compare the RL controllers (DQN, MADDPG, A3C, MAPPO) to a policy-free heuris-

tic baseline we call “SEP-Greedy” (SEPG), which greedily selects actions minimizing SEP50

at each step. We view the greedy controller as a domain heuristic that could guide or initialize

learning in hybrid schemes [54]. The heuristic baseline corresponds to a low-compute, fully

distributed option (no training), while the learning-based approaches trade offline training

cost for improved online decision quality and the potential to scale across sensor counts via

shared-parameter policies.
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Table 5.2: Summary of controller architectures; parameters: target-network soft-update rate
τ , discount factor γ, rollout length L.

Controller Policy / Value
Nets

Train-time
Centralization Policy

Type
Data Regime Action

Sampling
SEPG N/A N/A Heuristic:

min current
SEP

N/A argmin over
discrete moves

DQN Per-agent Q-net
+ target
networks (2×
dense ReLU with
L2 & dropout;
Huber loss).

None
(independent
learners).

Off-policy,
value-based

Replay buffer;
soft target
update
τ = 0.005;
discount
γ = 0.99.

ε-greedy

A3C Per-agent actor
(logits) + critic
(value).

None
(independent
learners).

On-policy,
actor-critic

Short rollouts
L = 32; entropy
bonus.

Categorical
sampling

MADDPG Per-agent actor;
centralized critic
over joint
(observations,
actions) +
targets.

CTDE (critic
centralized,
actors
decentralized).

Off-policy Joint replay;
τ = 0.005;
γ = 0.99; entropy
bonus.

Straight-through
Gumbel–
Softmax

MAPPO Shared actor;
centralized value
over
concatenated
observations.

CTDE (central
value).

On-policy,
PPO

Rollout L = 128;
clip=0.2; 4
epochs;
minibatch size
1024.

Categorical
sampling

The architecture of each policy is summarized by Table 5.2.

5.5.1 Algorithm Overview

The algorithm studied is a generalization of Algorithm 3 applied to all controllers. As

a geometry-shaping improvement from Section 5.4 and to reduce the number of steps to

localization convergence, we include additional algorithm features to coerce the sensors to a

spherical pattern around the emitter. The spherical pattern is supported by the results in

Section 5.3 that showed ideal performance when the sensors were equidistant to the emitter.

The RL observation includes normalized relative geometry, per-agent RSS and TDOA

features, and geometry statistics to track the equidistance from the sensors to the emitter.

Actions are bounded 3-D displacements, with a first step to determine a "sphere" pattern

around the initial localization estimate of the emitter and translates the sensors to that
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location. Rewards combine improvement in uncertainty (SEP50) with a per-step penalty

to reduce time-to-localize; during training only, an improvement in localization error, εx =

∥x− x̂∥, contributes to rewards.

For all cases, at each snapshot or repositioning step, the LOCA cloud Λ is combined with

sensor jitter and multipath variance-aware weights to yield a measurement (zk, Rk) [92].

During evaluation and execution, we optionally apply a standard position-only Kalman

filter (KF) [64] as a temporal smoother on the per-snapshot fused measurements. We use a

random-walk model with F = I3 and direct position measurement H = I3. A normalized

innovation squared (NIS) statistic is computed as a consistency check; when a snapshot is

strongly inconsistent under a chosen χ2 threshold, the KF output is not used for downstream

control decisions. During training, the KF is disabled so agents learn directly from (zk, Rk).

The geometry-refined emitter localization system is summarized by Algorithm 4.
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5.5.2 Comparative results

We assess the impact of each RL controller on cooperative emitter localization in UAS

swarms in terms of SEP50 radius reduction, localization error reduction, and error interquar-

tile range (IQR) across steps of execution episodes. The IQR is a measurement of the 25th-

75th percentile of localization error, representing the typical performance of the controller.

Experiments use the Python PettingZoo/Gymnasium [102] with eight identical UAS

agents operating in a 3-D, 2 km urban volume. Emitter and UAS initial positions are

randomized per episode, with measurement noise following the position, time, and multi-

path terms discussed previously. Each policy, implemented via the architecture in Table 5.2,

is trained for 1000 episodes and evaluated over 1500 Monte Carlo episodes per method. A

position-only Kalman filter is applied only at evaluation. Table 5.3 reports the final met-

ric (final localization error, steps to convergence, median per-UAS path length, final SEP,

wall-clock time). Fig. 5.9 shows a) SEP50 vs step, b) percent error reduction, and c) error

IQR.

All methods reduce the SEP50 within 5-10 repositioning steps (Fig. 5.9.a)), demonstrat-

ing the advantage of active geometry control over static sensing. By step 10 (Fig. 5.9.b),

most RL policies achieve >60% error reduction, whereas MAPPO and SEPG are closer

to 50%; SEPG subsequently plateaus while MAPPO slowly improves. Final errors reflect

these trends (Table 5.3), A3C, DQN, and MADDPG reach ∼16-17 m, SEP/MAPPO remain

∼24-25 m.

Uncertainty IQR (Fig. 5.9.c) is broader for SEPG and MAPPO (∼30–40 m) than for the

Table 5.3: Model performance during policy evaluation.

Parameters SEPG DQN A3C MADDPG MAPPO

Final localization error (m) 24 17 16 17 25
Error reduction 38% 61% 61% 59% 34%
Steps to convergence 11 8 12 7 19
Distance moved per UAS (m) 349 312 316 431 850
Final SEP (m) 6 5 5 5 6
Episode clock time (s) 5.1 3.0 3.9 3.0 6.0
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Figure 5.9: a) Comparison of each policy: a) SEP radius convergence across episodes; b)
relative improvement in localization accuracy across repositioning steps; c) uncertainty in
localization estimates across episodes.

RL methods (∼20 m). A3C and MADDPG show the most stable spread across episodes,

suggesting more consistent performance from randomized initial conditions under identical

sensing and motion settings. Path length further reflects how each controller trades co-

ordination for effort: DQN and A3C are comparatively conservative (∼315 m per UAS),

MADDPG expends more distance to converge quickly (∼431 m over 7 steps), and MAPPO

travels the farthest (∼850 m). Episode wall-clock time is ∼3 s for DQN and MADDPG and

∼6 s for MAPPO.

The relative performance follows each algorithm’s update mechanics and use of informa-

tion. A3C updates on short, on-policy rollouts with entropy regularization producing steady

geometry improvements. MADDPG utilizes a centralized critic that stabilizes joint moves.

MAPPO uses a shared-actor PPO with longer rollouts and partial observability slows early

learning and widens IQR. DQN had competitive final errors at convergence but was less

uniform mid-trajectory. Because SEPG minimizes instantaneous SEP and lacks long-term

strategy, it reduces error early but plateaus when local geometry stops improving.

In these conditions, A3C and MADDPG provide the best balance of speed, precision, and

stability, supporting the advantage of RL-based geometry control to mitigate the impact of

environmental and hardware contributions.
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5.5.3 Conclusion

The comparable performance of DQN and MADDPG suggests that, in this localiza-

tion architecture, the primary coordination burden is imposed by the cooperative estimator

rather than by the learning algorithm. Although LOCA produces triad-based subset esti-

mates, the final filtered solution cloud and its uncertainty statistics improve most when the

full sensor geometry evolves toward configurations that generate consistent subset solutions.

This creates an aligned objective across agents: each UAS can improve global localization

performance by making locally-selected moves that reduce cloud inconsistency and promote

a globally favorable geometry. As a result, decentralized independent learning can approach

the performance of CTDE methods, since the reward landscape provides a strong, shared

geometric signal and does not require finely coupled complementary actions for credit as-

signment. In contrast, on-policy actor–critic baselines (MAPPO/A3C) are more sensitive

to reward variance and tuning under the same sensing and motion constraints, which can

reduce their practical performance in this setting.

We showed that the independent policies and control in DQN effectively localized the

unknown location emitter, and we achieved significantly fewer convergence steps by coercing

the sensors to the equidistant geometry around the emitter. In the next section, we will

continue evaluating the DQN controller with geometry-shaping metrics in the EXata digital-

twin environment.

5.6 Python simulation versus EXata digital-twin verification

The controller experiments above were performed in a Python environment to enable

large-scale Monte Carlo evaluation and iterative development. However, because multipath

statistics and network effects can be sensitive to modeling assumptions, we also validate the

key trends in a higher-fidelity EXata digital-twin environment.

5.6.1 EXata Overview

EXata [103] is a network modeling software application that generates real-time digital

twins of operational network topologies, including protocol behavior and environment-driven

channel effects such as terrain and weather. The simulator models data movement across the

network stack with high fidelity, reports live network statistics, and can interact with external
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applications for closed-loop analysis. For this study, EXata is primarily valuable because its

wireless channel and topology modeling—particularly multipath impacts on signal strength

and path delay—provides a stronger verification reference than the simplified propagation

and noise models implemented in our Python environment.

EXata is available in the Southern Methodist University (SMU) Cyber Autonomy Range

(CAR) facility [104], with sufficient computing resources, and it supports both urban city

models (reflectors/scatterers) and the injection of interferers operating near the band of

interest. It also supports hardware-in-the-loop evaluation with real radios when needed. We

therefore use EXata to verify our system behavior via a digital twin in lieu of flight trials,

which are costly, time-consuming, and introduce risk to prototype hardware.

Our results include many test scenarios with varying simulation parameters allowing

our prototype to be exercised much more broadly than if a physical test range were used.

Our digital twins are implemented at the physical layer with physics simulation engines for

RF propagation, fading, scattering, kinematic dynamics with gravity field interactions, and

weather effects using physical layer accurate protocols including 5G and IEEE 802.11 stan-

dards. The system twin includes dominant sensor hardware error sources such as UAS local

clock inaccuracies and UAS positioning drift. The environmental twin is implemented using

Keysight’s EXata high fidelity urban environment within the CAR. With these realistic con-

straints, our functional evaluations confirm the system’s low localization error and SEP under

degraded RF conditions, demonstrating its viability for aerospace and other applications.

5.6.2 Analysis Approach

Although we can use a variety of RF transmitter frequencies in our digital twin environ-

ment, the results described here use 5GHz. At each measurement snapshot or step, UAS

elements acquire TDOA and RSS measurements, form LOCA-based solution clouds, and fuse

results with variance-aware weighting. Intra-swarm communication is achieved with an ad

hoc wireless network optimized to minimize transmit power and with extremely short mes-

sage frames. A controller UAS is elected within the swarm that receives measurement data,

performs computations, and issues repositioning commands. The localization estimates are

performed in 2-D and 3-D, depending on the dominant geometry characteristics, and the
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controller determines a new geometry based on the metrics from the localization result. Be-

cause we develop a policy with a DQN, the approach runs in two phases: training within

the digital twin environment, where true emitter location information is utilized to guide

the improved array geometry, and evaluation, where the true emitter location is unknown,

but a Kalman filter is used to refine the localization estimates. Our system performance

is evaluated by the localization error and uncertainty (framed by SEP50), the number of

repositioning steps required to converge on the emitter, and the distances the UAS elements

travel across a localization episode. These metrics serve as operationally-relevant perfor-

mance parameters providing a measure of system effectiveness in its ability to accurately,

rapidly, and efficiently localize an unknown-location emitter.

After initial TDOA and RSS measurements, the 2-D or 3-D LOCA solution cloud Λ is

fused with the sensor jitter and multipath variance to yield the solution set (zk, Rk). We

apply the variance-fused measurements to a position-only KF [64] to improve localization

accuracy during evaluation and generate the smoothed estimate Ek. During training, the KF

is disabled so agents learn directly from the noisier per-snapshot estimates; during evaluation,

the KF smoothing primarily reduces snapshot-to-snapshot jitter.

The DQN controller UAS receives normalized geometry information, per agent features,

and estimate statistics, utilizing two fully-connected layers with dropout regularization and

an experience replay buffer [48]. Actions are 3-D displacements, scaled adaptively by current

SEP50 radius to ensure stability across mission phases. The reward function combines local-

ization improvements, geometry formation, and a path penalty to shape the policy towards

a pseudo-optimal geometry.

At each repositioning step (k), each UAS element determines a state vector in Eq. 5.1:

ϕk =
[
δ̂i, R̂SSi, τ̂i,j, P, SEP50

]
(5.1)

where δ̂i = ŝi−Ek

∥ŝi−Ek∥ is a normalized UAS-emitter displacement, and additionally includes

RSS, TDOA measurements, SEP50, and the state error covariance P . In our architecture,

the RSS is provided only as context and is not included in the reward function. The agents are

trained to improve geometry for emitter localization, not to maximize RSS as in prior power-
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seeking approaches, which can produce degenerate TDOA geometries. However, because RSS

correlates with signal quality and multipath conditions, exposing it in the state allows the

policy to use it as a contextual indicator when making geometry decisions.

Each agent selects a bounded displacement vector:

aki = ηδ̂i ∈ R3 (5.2)

including the normalized UAS-emitter displacement direction δ, and η which is an adaptive

step size scaled to current SEP. During training, action exploration to the optimal geometry

is further encouraged with an annealing ϵ-greedy policy.

The action selection is additionally guided by a 2-D-to-3-D phase strategy to optimize the

LOCA geometry. Initial measurements utilize a 2-D localization step to reduce the circular

error probable (CEP) area in an azimuthal plane and to coerce an array geometry into a

ring-like or spherical formation around the estimated emitter location which is optimal for

the LOCA methodology. Once the initial geometry is formed, the elevation estimate of the

emitter location is refined through 3-D localization by leveraging array geometry diversity

though evenly-spaced column lattice formations to improve SEP position and volume.

The reward function combines localization improvement, geometry shape, and conver-

gence efficiency:

rk = w1∆SEP50 + w2∆
∥∥E− Ek

∥∥+ w3δ̂i − κ (5.3)

where (w1, w2, w3) are tuned weights, κ > 0 is a per-step penalty, and w2 > 0 only during

model training. The geometry shape reward encourages the cooperative UAS team to form

an equidistant shape lattice around the emitter, similar to the best-performing heuristic

approach identified in [59]. The architecture stops iterating when SEP50 meets a user-

specified goal, and smaller SEP probabilities can easily be accommodated through the change

of a parameter. The RL controller algorithm is shown in Algorithm 5, using the parameters

defined in Table 8.1.
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Algorithm 5: Emitter localization with UAS geometry control
Require : Initial UAS positions {s0i }Ni=1; SEP target ςSEP; initial estimate z0; noise models εU,i,

εt,ij , εP,i; training flag
Ensure : Final estimate Ek, covariance P , achieved SEP50, total steps, total distance

1 Initialize: k ← 0, E ∈ R3unknown, x0|0 ← z0, P0|0 ← 106I3
2 while SEP50 > ςSEP and not plateau do
3 Capture Signal Measurements:
4 Draw τij and RSSi from E

5 ŝi ← ski + εU,i

6 τ̂ij ← τij + εt,ij

7 R̂SSi ← RSSi + εP,i

8 LOCA solution cloud: Form cloud Λ using Algorithm 1
9 Prune outliers using (3.7)

10 Cloud statistics: Compute Ê and SEP50 using (3.8) and (3.9)
11 Kalman Filter: Apply the position-only KF on (zk, Rz) (random-walk F = H = I3) during

evaluation to generate Ek from Ê.
12 RL geometry control:
13 Build state using (5.1) ; select bounded action {aki } using (5.2)
14 Enforce elevation diversity; compute reward using (5.3) ; update policy
15 Advance geometry: sk+1

i ← ski + aki ; k ← k + 1

16 return Ek, P , SEP50, total steps k, total distance traveled

5.6.3 Python Simulation Overview

The system was simulated using the Actor-Environment Cycle Environment class of Pet-

tingZoo in Python which was developed to simulate multi-agent environments with an ob-

servation space defined by Box from Gym [102]. We conducted 1000Monte Carlo runs over

a 4000m×4000m×500m urban volume populated with Rayleigh-distributed scatterers fol-

lowing ITU-R P.1411 recommendations [83]. Emitters broadcasting a 5GHz signal were

randomly placed within the environment. An eight-element UAS swarm is deployed with

randomized initial positions.

UAS elements are modeled as independently mobile systems with omnidirectional an-

tennas and precise self-positioning capability. Clock accuracy is simulated as synchronized

pre-mission by CSAC oscillators, and TDOA errors were drawn from Gaussian distributions

consistent with CSAC-specified jitter parameters. RSS values are perturbed by log-normal

shadowing and multipath fading. Measurement noise is injected at each step, with vari-

ance values selected to replicate realistic hardware tolerances. Multipath scattering and
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fading is modeled in accordance with ITU-R P.1411 [83]. Since these values are frequency

and elevation-dependent and are stochastically specified, we consider a 5GHz operating fre-

quency with each UAS located at varying elevations giving primary signal contributions in a

mix of LoS and non-LoS conditions such that we reduce the multipath effects by 50%. The

above errors follow the methodology in [59] and are detailed in Table 4.3.

RL Training Setup The DQN was trained within our digital twin environment for

1000 episodes of random initial geometries with each episode consisting of up to 250 localization

steps. Each episode terminated when the SEP radius fell below a mission-defined threshold

(we use 5m for the results described here) or the system performed 250 repositioning steps.

Reward shaping followed the formulations described in Section 3. The resultant policy from

the RL training was utilized in the same environment for an initial evaluation of the DQN.

5.6.4 EXata Digital Twin Environment Simulation Overview

The EXata network simulator is integrated with the SMU CAR [104] to create a digital

twin of both the UAS swarm and the RF environment. The following elements are included

within our digital twin:

(1) Propagation: ITU-R P.1411 multipath propagation and Rician fading with configurable

K-factor, simulated urban environment.

(2) Weather effects: rain attenuation modeled at 0.5 dB/km at 5GHz; atmospheric ab-

sorption by oxygen and water vapor following ITU-R P.676 [86].

(3) Hardware errors: UAS hover drift modeled as Gaussian-distributed errors (εp = 2 cm);

clock jitter drawn from Gaussian distributions with εt = 10 ns.

(4) Kinematics: UAS motion followed gravity field dynamics with wind perturbations.

At each snapshot, each UAS collects TDOA and RSS measurements generated by EXata’s

physical-layer accurate RF models and stores the measurements within an internal EXata

system database. These measurements are parsed and passed to the DQN architecture that

selects discrete displacement actions for each UAS based on the trained policy. Updated

positions are then re-injected into EXata for the next iteration. This process allows for a
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hardware-in-the-loop ready framework for use in the future to evaluate how the same policy

would be executed on the real-world UAS.

Using EXata, we evaluated two scenarios: (i) a Rician-faded urban multipath environ-

ment, and (ii) the same environment under degraded weather conditions. These two scenarios

used the same set of 200 randomized emitter/UAS initializations and UAS system on-board

positioning and clock error conditions. Results were compared with DQN simulations utiliz-

ing the same initial geometries and comparable multipath conditions.

5.6.5 Comparison of Simulation Results between Python Environment and EXata Digital
Twin

Performance is evaluated by the number of steps required to achieve a target SEP50

radius, the error in the final localization estimate from the true target location, and the

distance the system traveled to localize the emitter. Each of these performance metrics

indicates the effectiveness of the system to accurately and efficiently localize an emitter. We

analyze the mean and median performance of these metrics in addition to the performance

distribution to understand the stability of the system in different scenarios.

5.6.5.1 Python Simulation Results

Using the policy developed in the RL training, the DQN is evaluated in the same dense

multipath simulation environment for a first measure of performance prior to integration

with EXata. As shown in Fig. 5.10, the starting SEP50 and localization error was ∼80m.

The initial reduction in localization error is due to the 2-D ring formation phase, and further

improvement is found through the geometry refinement steps after the 2-D-to-3-D local-

ization transition. The DQN simulation realized an average 75 % reduction in SEP50 in

10 steps and ∼50% error reduction in 20 steps, which outperforms the average performance

of the heuristic-based approach [59]. However, considering the large standard deviation for

the system error, the performance bounds are weighted by some outliers provided in the

distributions shown in Fig. 5.11 and Fig. 5.12. Here, SEP50 most often reached a minimum

of ∼3m with ∼5.4m localization accuracy. In the DQN simulation, this accuracy required

15-25 repositioning steps where each UAS in the system explored around 200m to find the

optimal geometry.
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Figure 5.10: Localization error and SEP per repositioning step demonstrates convergence in
dense multipath conditions.

While these results demonstrate that the DQN achieves significant error reduction in a

controlled setting, the initial simulation model has inherent limits in representing multipath

and environmental dynamics. The approach relies on generalized error terms Table 4.3) that

inject noise and multipath contributors across trials, but these models do not fully represent

all spatial conditions, especially as the UAS elements converge to more optimal geometries

and improve their LoS to the emitter. This limitation sometimes made the results appear

worse than what would be expected in practice. The conservative modeling was still useful,

as it allowed the policy to train under challenging error conditions and respond appropriately

when exposed to a range of multipath scenarios. To assess performance under more realistic

RF and environmental dynamics, we next evaluate the system using the EXata digital twin.
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Figure 5.11: Localization metrics and median performance at convergence on emitter for
1000DQN episodes, SEP radius (m) and localization error (m), show low median error and
SEP for majority of evaluation episodes.
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Figure 5.12: Repositioning metrics for 1000DQN episodes show distance traveled by UAS
system (m) and number of repositioning steps, with convergence in approximately 20 steps,
traveling 200 m per UAS.
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5.6.5.2 EXata Digital Twin Results

After evaluating the DQN RL policy in the dense multipath simulation environment,

the DQN and policy were integrated into the EXata environment and analyzed under Ri-

cian fading with and without the presence of adverse weather conditions. The same initial

geometries from the EXata simulations were also provided to the Python DQN simulation

and evaluated for comparison. To better model the dominant LoS conditions of the Rician

fading model in the Python DQN simulation, we reduced the Multipath Delay Spread factor

in Table 4.3 by 50%. This change in the environment also allowed us to evaluate our policy

under different multipath conditions to ensure its suitability in other scenarios.

The primary evaluation metrics for these experiments are summarized in Table 5.4, show-

ing the DQN with more stable performance in the EXata environment, requiring fewer repo-

sitioning steps to localize the emitter, and achieving an overall higher localization accuracy.

Further, we see that the adverse weather conditions primarily impacted the initial system

error, but once the geometry refinement began, the impacts were quickly overcome by the

array geometry improvements indicating the high quality of the approach in a variety of

weather conditions.

Full metrics are further explored in Fig. 5.13, Fig. 5.14, Fig. 5.15, Fig. 5.16. For the

EXata-based evaluations, each approach reached a minimum error in ten steps, while the

Python DQN simulation reached approximately double the average error at the ten-step

mark.

Table 5.4: Summary metrics for Python DQN simulation (Sim.) vs. EXata digital twin
study with Rician fading conditions and adverse weather.

Metric EXata Rician EXata Weather Sim.

Mean final SEP (m) 4.1 4.1 3.9
Mean initial error (m) 18.5 22.7 76
Mean error reduction (%) 81 85 87
Mean step count 2.8 2.8 9.4
Mean system total distance traveled (m) 1544 1588 660
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Figure 5.13: Comparison of average and standard deviation of localization error in the first
ten reconfiguration steps among the Python simulations and the EXata digital twin trials
shows convergence on emitter in approximately ten steps in Rician channel conditions.

To consider the general performance of the system, in Fig. 5.14, Fig. 5.15, Fig. 5.16 we

overlay histograms of the primary metrics between the DQN Python simulation with the

DQN EXata Rician scenario. In Fig. 5.14, the error response shows a higher distribution of

low-valued errors for the EXata trials and a higher spread for the Python DQN simulations,

although both had comparable median error in the 2.6 m -4.1 m range. In Fig. 5.15, the

typical performance in EXata showed convergence in as few as three repositioning steps,

whereas in the Python simulation the system explored more geometries and converged in

closer to seven steps. While the system explored over fewer steps in the EXata trials, in

Fig. 5.16 we observe the overall distance traveled in the EXata trials for the system is

greater than that of the Python simulations.

Fig. 5.17 shows a 2-D visualization of one representative EXata trial. Two agents make

105

-E -
i.... 60 
0 
I... 
I... 
LU 
C 
0 
:P 40 
ro 
N 

ro 
u 
_g 20 
C 
ro 
Q) 

~ 

2 

Localization Error vs Step (µ + la) 

- DQN-Sim 
- EX-Rician ·········"········· ····································" 
- EX-Weather 

............................ , ........................... , ........................... , . . 

4 6 8 10 
Step 



Figure 5.14: Histogram and median comparison of final localization error between Python
simulations and EXata digital twin evaluations (<5 % of distribution > 20 m) shows low
median error for majority of trials.

Figure 5.15: Histogram and median comparison of repositioning steps taken per episode
between the Python simulations and EXata digital twin models shows majority of trials
completing in under ten steps in both evaluation architectures
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Figure 5.16: Histogram and median comparison of distance traveled by the UAS system
between simulation and EXata shows distance traveled was much lower in Python simulation
for similar convergence metrics.

Figure 5.17: Visualization of EXata trial shows path strategy for localization convergence.
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a large x-y excursion from their initial positions, which is an expected behavior that is seen

consistently in both our DQN simulation and EXata aligned with our two-phase controller.

The policy’s SEP radius displacement vector guidance moves these agents mostly tangentially

to correct the error in the azimuth plane with nominal z-axis change (not shown), and some

correction back toward the ring geometry as they improve SEP and ultimately converge on

a low localization error.

The EXata trials show an overall improved performance over the simulations, attributed

to the robustness of EXata’s multipath model versus the more stringent multipath error

constraints given to the system in the simulation environment. In the simulation runs, we

assume a mix of LoS and non-LoS conditions (with dominant LoS to approximate a Rician

condition) but we provide no LoS advantage to the system when the UAS elements converge

on the emitter. When the UAS elements are very close to, or even above the emitter,

the system can experience pure LoS scenarios that increase the likelihood of an accurate

measurement by reducing the error strictly to the clock and positioning hardware errors. In

a more robust simulation environment like that provided by the EXata digital twin, when

this convergence occurs in the first two or three repositioning steps, the system is more likely

to realize a low-noise and low-scattering TDOA measurement and can rapidly converge on

the emitter location. The trajectory shown in Fig. 5.17 follows an immediate 50m drop in

error after the first repositioning step. This indicates that the UAS system started with an

undesirable geometry, then moved towards an improved geometry nearly immediately while

continuing to iterate and refine that geometry for subsequent snapshots. In the Python

simulations, the environmental model always assumed multipath error, even in pure LoS

cases, reducing simulation realism in comparison to the EXata digital twin evaluations.

Therefore, the improved performance observed with EXata is expected and is representative

of a realistic operating environment with the presence of more variable dynamics.

Conclusion and Summary We presented a DQN-based framework for emitter localiza-

tion with cooperative UAS, and we validated its performance in both Python-based simula-

tions and digital twin evaluations. In the initial simulations, the DQN achieved significant

error reduction, and demonstrated even better performance in the more realistic EXata

trials. With each intelligent repositioning step, the system improves its emitter localiza-
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tion accuracy and is able to converge on the emitter location estimate, typically with very

low error and low uncertainty in very few snapshots. In all trials, RSS contributed as a

contextual feature in the observation vector but did not dominate agent behavior, confirm-

ing that convergence was driven by SEP reduction rather than power maximization. With

the performance validation in EXata, the system achieves low localization error in fewer

than ten snapshots, even under multipath and adverse weather conditions. These results

advance RL-based cooperative localization toward real-world deployment in aerospace and

other applications. Although we focus on a passive RF emitter localization application here,

DQN-based dynamic array repositioning can be applied to many other applications that

depend upon autonomous UAS swarming.

5.7 Summary

This chapter consolidated the geometry-adaptive localization workflow into a single eval-

uation thread. A heuristic controller provided a low-compute baseline and highlighted failure

modes under severe multipath. Learning-based controllers, particularly shared-policy DQN

and MADDPG, improved convergence behavior across randomized initial conditions by in-

ternalizing the coupling between array geometry and LOCA solution-cloud structure. Fi-

nally, a Python-to-EXata comparison verified that the principal performance trends persist

in a higher-fidelity digital-twin environment, supporting the use of the Python simulator for

large-scale training and evaluation with EXata-based verification for representative scenarios.
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Chapter 6

EVALUATION OF FINAL ARCHITECTURE

6.1 Experimental Analysis of System Variables

The initial results of this section were submitted for publication in [60].

6.1.1 Final Architecture using Elliptical Error Probable

The UAS geometries are controlled by a deep Q-network (DQN) with two fully-connected

layers, dropout regularization, and an experience replay buffer [48]. The DQN previously

only considered action displacements which were a combination of direction with distance

scaled by SEP . Instead, the DQN now includes an additional "speed" layer so that the

displacement η in Eq. 5.2 is a learned parameter, allowing the system to better learn both

direction and distance to travel as the system converges.

The DQN state features observe the previously-defined metrics ( si, τij, Λf , êm, SEP50,

RSSi...N). In this architecture, we additionally include EEPAz and EEPEl to better shape

the geometry during convergence. Further, we track the Euclidean distance δi from si to

êm: δ̂i = ŝi−êm
∥ŝi−êm∥ , considering the performance of [59] where localization accuracy improved

significantly as the UAS found equidistance around the emitter. Altogether this generates

the state information in Eq. 6.1:

ϕk =
[
si,Λf , êm, δ̂i, R̂SSi, τi,j, SEP50, EEPAz, EEPEl, P

]
. (6.1)

The DQN is rewarded by UAS position-based actions that (I.) reduce the cloud error

metrics and (II.) stabilize δ̂i so the UAS elements form a pseudo-column or sphere around

the emitter, aided by RSSi. Minimizing the per-axis EEP from the cloud allows the system

to optimize its geometry in the field-of-view context and reduce the emitter localization error.

Additionally, during training (when the emitter position is known), the network is rewarded
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by decreases in localization error Le so that it receives additional features to learn optimized

geometries. The reward structure is shown in Eq. 6.2:

rk = w1∆EEPAz +w2∆EEPEl +w3∆SEP50 +w4∆ΣRSSi +w5∆ ∥E− êm∥+w6δ̂i −w7κ

(6.2)

where (wi) are tuned weights, κ > 0 is a per-step penalty, and w5 > 0 only during model

training. The geometry shape reward encourages the cooperative UAS team to form an

equidistant shape lattice around the emitter, similar to the best-performing heuristic ap-

proach identified in [59]. The architecture stops iterating when each of the shape metrics

EEPAz, EEPEl, SEP50 meets a user-specified goal, and tighter target metrics can easily be

accommodated.

Last, it was found during experimentation that this final architecture could effectively

perform with only six UAS elements in the network, whereas the previous analyses typically

featured eight UAS elements. The reduction to six was aided by the EEP observations and

rewards, the equidistance approach, and the separation of direction and distance in the DQN.

The system is trained with six UAS agents and the resultant policy is analyzed for

consensus so that we apply the policy to swarm sizes of 7, 8, 9, and 10 UAS elements.

Analysis is also performed with 5 UAS elements, however, this swarm size does not benefit

from the use of cloud metrics to improve convergence.

While the geometry control policies in this chapter optimize localization-oriented objec-

tives, safety behaviors such as inter-UAS collision avoidance and obstacle avoidance are not

included in the reward or action constraints in the present study. In a deployed system, these

behaviors should be enforced by additional control mechanisms and are considered beyond

the scope of the development of the localization controller.

The evaluated architecture is provided in Algorithm 6, using the parameters defined in

Table 8.1.
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Algorithm 6: Emitter localization with UAS geometry control using EEP Metrics
Require : Initial UAS positions {s0i }Ni=1; SEP and EEP targets ςAz, ςEl, ςSEP; initial estimate z0;

noise models εU,i, εt,ij , εP,i; training flag
Ensure : Final estimate Ek, covariance P , achieved EEPAz, EEPEl, SEP50, total steps, total

distance
1 Initialize: k ← 0, E ∈ R3unknown, x0|0 ← z0, P0|0 ← 106I3
2 while SEP50 > ςSEP and not plateau do
3 Capture Signal Measurements:
4 Draw τij and RSSi from E

5 ŝi ← ski + εU,i

6 τ̂ij ← τij + εt,ij

7 R̂SSi ← RSSi + εP,i

8 LOCA solution cloud: Form cloud Λ using Algorithm 1
9 Prune outliers using (3.7)

10 Cloud statistics: Compute êm using (3.8) and compute EEPAz, EEPEl, SEP50 using
Algorithm 2

11 Kalman Filter: Apply the position-only KF on (zk, Rz) (random-walk F = H = I3) during
evaluation to evolve êm to Ek.

12 RL geometry control:
13 Build state using (6.1) ; select bounded action {aki } using (5.2)
14 Enforce elevation diversity; compute reward using (6.2) ; update policy
15 Advance geometry: sk+1

i ← ski + aki ; k ← k + 1

16 return total distance traveled, total steps k, Ek, P , EEPAz, EEPEl, SEP50

6.2 Initial Evaluation Results

The system was simulated in a Python environment using the Gym and Pettingzoo

modules for the DQN [102,105]. Stochastic propagation models from [83] were implemented

to simulate a dense urban multipath environment. The DQN was trained for 1250 random

initial UAS and emitter positions with 6 UAS elements. To minimize repositioning steps,

training was gated by annealing SEP50, EEPAz, EEPEl and Le targets, so that as the policy

learned macro optimal geometries in early stages of training, it would get refined to a goal of

2m SEP and EEP. The annealing gates are visualized in Fig. 6.1 showing the achievement

of a minimized threshold over training cycles.

The consensus policy was determined and applied for 7, 8, and 10 UAS swarm sizes. We

first evaluated the policy across 250 episodes for each of 6-10 UAS swarm sizes and target

gates corresponding to the final gates from training, that is, SEP50=1m, EEPAz=2m,

and EEPEl=4m. The system localization performance, shown as the median with shaded
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Figure 6.1: DQN geometry-aware cloud metrics targets annealing across training steps, with
thresholds achieved: SEP50 ∼1m, EEPAz ∼2m, and EEPEl ∼4m.

standard deviation at each repositioning step across all episodes per UAS size in Fig. 6.2,

improves significantly and converges in as few as five steps for 7 + UAS swarm sizes. The

larger UAS sizes have denser solution clouds, enabling more refined estimates with fewer

measurements. The metrics from these evaluations can be found in Fig. 6.3- 6.5.

We next re-evaluated the policy with tighter target gates of SEP50=1m, EEPAz=1.5m,

and EEPEl=2m. These resulting metrics from these evaluations can be found in Fig. 6.6-

6.8. We see in these that the tighter gates enable a lower localization error, while requiring

more localization steps to achieve that error.

Overall, these results indicate that geometry-aware DQN control can rapidly converge the

cooperative UAS toward optimal localization performance with minimal sensing steps. We

depict a nominal performance of an 8-sensor system in Fig. 6.9, showing the initial random

positions of the UAS and its convergence on the emitter.
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Figure 6.2: DQN geometry-aware median localization error performance for swarm sizes of
6 to 10 UAS elements with shaded standard deviation.

Figure 6.3: DQN final architecture comparison of initial and final localization error for
varying swarm sizes.

114

so 
Evaluation: Median Localization Error (per step) 

Swarm size 

- 40 - N=6 
E -I... 
0 
I... 
I... 
w 
C 
0 

.µ 
<U 
N 

<U 
u 
0 
.....J 

- N=7 
N=8 

30 - N=9 
- N=lO 

20 

10 

0 
5 10 15 20 25 

Step 

N•S • Initial Localization Error N•6 • Initial Localization Error N•7 • Initial Localization Error N•8 • Initial Localization Error N•9 • Initial Localization Error N•lO • Initial Localization Error 

•••• i-27604 

-- n-.d•l5160 
___ .,.33210 

•... .-111st 

-- n-.d-809' 
--- o-152 25 

--

•••• .-11111 
- - nwd-62_]8 

--- o-10829 

-

•• .-166) 
-- 1Nda5349 

--- o-115) 

.. 
,... ... 

•••• i-6339 

-- nwd-50.14 
---o-5505 

.. -

-
0 +--1'-""~...,_ ...... .._"""'~ ,... 

., 
50 

lO 

0 10 20 l> 40 500 10 20 Jl 40 500 W lO ~ ~ 500 W lO ~ ~ 500 10 20 J) 40 500 10 20 :J) 40 50 
Locallzation error (m) 

N•S • final Localization Error 

··f .-1120 
-,- mRdal035 -+ o-11858 

Localization error (m) Locahzat1on error (m) 

N•6 • Final Localization Error N-7 • final Localization Error 

.-1219 
n-.d-7.50 

o-15 79 

•••• i.-690 

-- n-.d-6.39 

-- o-635 

Localiz:atiOn error (m) Localization error (m) Localization error (m) 

N•8 • final Localization Error N•9 • final Localization Error N•lO • final Localization Error 

•••• i-600 

-- nwd•61A 
---o-229 

•••• i-589 

-- nwd-593 

--- o-210 

,, 
'.l •• i-5U 

-- n-ad-560 

--- o-212 

0 -"'"Ll.l"""'""".Lo.µ;1~~ 
0 10 20 30 40 500 10 20 JJ 40 500 10 20 J) 40 500 10 20 30 40 500 10 20 JJ 40 500 10 20 J) 40 SO 

Locahzatton enor (m) localization error (m) loc11hz11t1on error (m) UX:aliz.stion error (m) UX:alization error (m) UX:11hzat1on error (m) 



Figure 6.4: DQN final architecture episode length for varying swarm sizes.

Figure 6.5: DQN final architecture average distance moved for each drone for varying swarm
sizes.

Figure 6.6: DQN final architecture comparison of initial and final localization error for
varying swarm sizes, tighter target gates.
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Figure 6.7: DQN final architecture episode length for varying swarm sizes, tighter target
gates.

Figure 6.8: DQN final architecture average distance moved for each drone for varying swarm
sizes, tighter target gates.
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Figure 6.9: Initial and final positions of UAS for a median search event.

117

Median-error episode - top view 
final err= 3.03 m, SEP = 2.41 m 

2000 -,--------------------------::----, 

t nit;,1 

1750 

1500 

1250 • 

E 1000 . 
>-

750 

500 

250 • 

0 250 500 750 1000 
X (m) 

1250 1500 1750 

final 
emitter 

2000 



6.3 Further Analysis of Architecture

In this section, we vary environmental and system conditions to quantify the localization

performance. The performance is quantified primarily by the following metrics: the mean

localization error across all trials, and the number of repositioning steps or measurement

snapshots required to converge in an accurate localization of the emitter.

Environmental Assumptions Unless otherwise defined, we consider the emitter operat-

ing as an omnidirectional transmitter, broadcasting a signal near 5GHz with a power of

38 dBm (5 W). The setting is a dense multipath urban environment, approximately 2000m

x 2000 m x 500m, and the emitter is in an unknown (randomized) location in this space.

For the Python simulations, we assume a 50% mix of LoS to non-LoS conditions.

System Assumptions Unless otherwise defined, we consider the UAS to operate with

omnidirectional antennas, a LIDAR-aided self-positioning system that maintains 2 cm posi-

tioning accuracy, and a CSAC-enabled local clock reference that enables 10 ns timing accu-

racy. We baseline the performance using six sensors.

We assume the onboard system receivers are tuned to a signal near 5GHz, have a sensi-

tivity noise floor of -110 dBm and are able to detect emitter signals at 3 dB SNR. The sensors

are initially located at a randomized location in the 2000m x 2000m x 500m dense multipath

urban environment. At maximum range, free space loss is ∼-116 dB, so the sensors would

detect an 38 dBm emitter signal with power near -78 dBm, giving nearly 30 dB margin to

the noise floor.

In consideration of the sensitivity, the system localization logic requires a minimum of

five sensors to generate an emitter location estimate. If, for example, a 7–sensor system is

in operation and at a given time measurement snapshot two of these sensors are receiving

a signal below the sensitivity threshold due to low emitter power level, an off-main lobe

meausurement with directional antennas, a non-LoS condition, or other adverse conditions

impacting signal power, then only those 5 sensors receiving a signal above the threshold will

generate a localization measurement.

Further, in most of the evaluation cases, we vary the performance from 5 to 10 UAS,

showing the statistical results for each size. As a stopping criteria, we maintain the "tight"

target gates of SEP50=1m, EEPAz=1.5m, and EEPEl=2m.
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Summary of Evaluation Results The summary in Table 6.1 shows several consistent

trends in the evaluation results. Relative to the baseline configuration, reducing the array to

5 UAS substantially increases both localization error and episode length, while moving to 6

UAS recovers much of this loss and produces an immediate reduction in steps and error when

estimate-distribution metrics are available to shape the geometry updates. Increasing the

array to 10 UAS further improves performance, yielding lower error and fewer repositioning

steps. Looser target gates reduce the number of steps required for convergence, but this

occurs with a higher final localization error, indicating a tradeoff for localization speed–to–

accuracy.

The remaining cases show how environment, initial geometry, and sensing assumptions

affect convergence behavior. Directional antennas (Sec. 6.3.1) maintain comparable median

error but increase error variability and total travel, indicating reduced convergence stability

relative to the omnidirectional case. Lower emitter power (0 dBm, Sec. 6.3.2) increases the

number of localization steps, and expanding the search area (Sec. 6.3.3.1) from 1.5 mi to

10 mi produces a large increase in episode length and travel distance even when the con-

troller still achieves strong median error reduction from the initial estimate. Collinear starts

(Sec. 6.3.3.2) increase steps and destabilize the localization error, whereas grid–like struc-

tured starting positions with sufficient spacing improve stability and reduce steps relative to

the collinear case. Larger positioning and timing error (Sec. 6.3.4) are overcome with ad-

ditional localization steps, as are adverse (100% NLoS) propagation conditions (Sec. 6.3.5).

Finally, the 5 GHz-trained policy retains useful performance when evaluated at 2.4 GHz

and 8 GHz (Sec. 6.3.6), supporting frequency-transfer behavior for the geometry-driven con-

troller, with the 2.4 GHz case requiring substantially more convergence steps and the 8 GHz

case remaining closer to the baseline in step count.

In the following analysis, the experimental results are presented as histograms of key

performance parameters and as plots of stepwise median localization error, similar to Fig. 6.2.

For the data underlying the median localization error plots, each evaluation episode was

stored as a fixed-length stepwise array initialized with NaN values. As the episode advanced,

the observed localization error values replaced the corresponding NaN entries, while any

steps not reached before termination remained NaN. Thus, early-converging episodes appear
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Table 6.1: Summary of performance evaluation results for the system architecture across
various test conditions. Values shown are summary statistics across evaluation episodes for
the listed comparison case.

Case
Med. Final
Loc. Error

(m)

σ Final
Error
(m)

Med. Error
Reduction

(%)

Med. Episode
Length
(steps)

Med. Distance
per UAS

(m)

Baseline 3.0 0.9 94% 6 1373
5 UAS 32.5 125.1 79% 100 3251
6 UAS 4.7 33.2 94% 6 1386
10 UAS 2.9 0.8 94% 5 1308
Looser Target Gates 6.1 2.3 89% 3 1305
Directional Antennas 3.3 12.5 94% 6 1504
0 dBm Emitter 3.4 44.7 95% 7 1484
10 mi Area 3.4 39.0 99% 114 8436
Collinear starts 3.4 92.9 99% 24 1933
Structured starts 3.2 32.4 98% 10 1683
Large Positioning
& Timing Error 3.3 1.1 95% 7 1357

25% Mix
NLoS-to-LoS 2.9 1.2 90% 3 1290

100% Mix
NLoS-to-LoS 3.4 2.7 96% 20 1412

2.4 GHz eval
(5 GHz train) 3.4 2.4 96% 16 1429

8 GHz eval
(5 GHz train) 2.9 4.9 93% 4 1286

EXata
Omnidirectional 4.7 90.6 97% 5 535

EXata
Directional 5.8 544.1 98% 8 1227

Notes: The baseline row corresponds to the nominal Sec. 6.2 evaluation conditions. Median Error Reduction

(%) is computed as 100
(
1− median final error

median initial error

)
. Rows are reported relative to the baseline configuration

unless otherwise indicated in the case label.

as shorter valid trajectories within a common array structure, preserving both the observed

data and the point of termination. Because episodes may converge and terminate at different

steps, the stepwise performance plots carry each episode’s final observed value forward after

convergence so that later-step summaries remain representative of the full set of evaluation

runs. This approach avoids later-step summaries being computed from only the subset of

episodes still active at those steps.
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6.3.1 Comparison of Omnidirectional to Directional Antennas

The study had assumed that the sensor on each UAS was omnidirectional, but if the

sensor had directivity and favored a gain in a particular orientation, the SNR would be

maximized when the antenna pattern peak of the UAS sensor was pointed in the direction

of the emitter. Using directional antennas, the system performs an initial measurement,

followed by an estimate of the emitter location, then an estimate of the bearing of the

emitter to each UAS element. Each UAS element utilizes their individual emitter bearing

estimate to rotate in place so that the sensor antenna main lobe is pointed in the location

of the emitter. When that occurs, each subsequent measurement is taken with an increased

RSS. These evaluations assume some level of polarization matching, as the case where the

polarization of the sensor is not matched to that of the emitter (horizontal linear vs vertical

linear, for example), additional significant losses in signal power will be present.

To study this approach, a mapping of the antenna pattern of the UAS sensor was de-

veloped along with a method to correlate the UAS orientation with respect to the emitter

bearing. Once the initial bearing is determined, the pattern is analyzed with a look-up table

to correlate the antenna gain in the initial direction with the RSS versus the expected RSS

when the maximum gain from the peak of the antenna pattern is aligned to the bearing of the

emitter. If the RSS is determined to increase, the UAS then rotates to that new orientation.

Futher, for this directional antenna case, we did not generate new policies for the rein-

forcement learning architecture; instead, we relied on the policies generated for the omnidirec-

tional antennas. Our assumption for transferring the policy is supported by the deterministic

control of the UAS heading towards the peak direction of the antenna pattern. Once the

UAS antenna is directed towards the emitter, the directional UAS system can experience a

higher magnitude RSS than the omnidirectional case for the same UAS geometry. Therefore,

all aspects of the measurement and geometry apply for the directional antenna system.

With the implementation of the antenna pattern, while there is significantly more gain in

the main lobe direction over the gain of the omnidirectional antennas, there is also additional

loss in the other antenna pattern regions. Because this loss can be significant based on the

depth of the antenna pattern nulls, we ensured that the simulation maintained a realistic

sensitivity threshold of -110 dBm so that the system would not capture signal measurements
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Figure 6.10: Directional antenna pattern used for simulations: 10 dBi gain with 30 ◦ 3 dB
beamwidth.

below the noise floor. Thus, at each measurement snapshot, if a signal measurement for a

particular sensor was below the sensitivity threshold, that sensor would not be utilized in

the localization estimate. Because the system needs at least five sensors for localization,

if fewer than five sensors had sufficient sensitivity, the snapshot would be passed and the

system would rely on the previous localization estimate at the new location.

For the initial simulations, we used an antenna pattern based on the sinc function with

10 dBi gain and 3 dB beamwidth of 30 ◦. An example azimuth slice of this pattern is shown

in Fig. 6.10, with a similar pattern in elevation.

Simulations Here we show the results of the evaluation of a UAS with directional an-

tennas. In the localization error per step plot below, we see the system converge within the

first few snapshots and that array sizes of 7-10 sensors maintain convergence with additional

snapshots. However, the 6-sized array does not perform as well and shows excessive diver-
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gence at larger step sizes. This is primarily due to the sensitivity threshold when the emitter

is not within an acceptable field-of-view of specific sensors reducing the ability of the UAS to

use its full sensor set to localize the emitter. The misalignment to the field-of-view is most

likely due to an incorrect collective localization estimate and move that placed the emitter

off the main lobe of the antenna pattern. In these cases, omnidirectional antennas have an

advantage because they are able to sense RSS equally in all directions, providing a greater

likelihood of sensing as the UAS converges on the emitter.

Figure 6.11: DQN geometry-aware median localization error performance for swarm sizes of
6 to 10 UAS elements with shaded standard deviation and directional antennas.
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Figure 6.12: DQN final architecture comparison of initial and final localization error for
varying swarm sizes and directional antennas.

Figure 6.13: DQN final architecture episode length for varying swarm sizes and directional
antennas.

Figure 6.14: DQN final architecture average distance moved for each drone for varying swarm
sizes and directional antennas.
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6.3.2 Sensor Receiver Sensitivity / Emitter Power Impacts to Performance

In the system operating environment, depending on the environmental factors, the dis-

tance between the sensors and the emitter, and the factors inherent to the individual sensors,

the SNR will vary with sensor location and orientation. Here, we consider the impact of the

emitter power to the receiver sensitivity for a signal capture.

We have previously assumed a constant output power of the emitter at 30 dBm. We

now vary that output power to determine the impacts to the localization performance as the

system senses a lower power signal. Wwe maintain the same 2000 m x 2000m x 500m range

(approximately 1.5 miles at the maximum range) between the emitter and sensor and then

vary the emitter power. At maximum range, a 5GHz 0 dBm signal would be marginally

sensed.

6.3.2.1 Omnidirectional 0 dBm

We confirm the degradation of performance with a 0 dBm emitter. The 6-sensor system

has the most significant degradation to localization error and episode length, while the 7-9

sensor systems have larger errors primarily seen in the increased standard deviation on all

cases with significantly higher mean error for the 7-sensor case.
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Figure 6.15: DQN geometry-aware median localization error performance for swarm sizes
of 6 to 10 UAS elements with shaded standard deviation and omnidirectional antennas and
emitter power 0 dBm.

Figure 6.16: DQN final architecture comparison of initial and final localization error for
varying swarm sizes and omnidirectional antennas and emitter power 0 dBm.
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Figure 6.17: DQN final architecture episode length for varying swarm sizes and omnidirec-
tional antennas and emitter power 0 dBm.

Figure 6.18: DQN final architecture average distance moved for each drone for varying swarm
sizes and omnidirectional antennas and emitter power 0 dBm.

6.3.2.2 Directional 0 dBm

For the directional case, we see similar degradation for a 0 dBm emitter signal as we saw

with the omnidirectional case. However, because the directioanl system has 10 dBi gain in

the main lobe, we additionally consider the localization error per step for -10 dBm emitter

case in Fig. 6.20. Here, while some convergence can be seen, it is clear that this power level

is not acceptable and the system will not converge.

6.3.3 Geometry Impacts

6.3.3.1 10 miles

First, we maintain a 38 dBm emitter power and extend the range to 12000 m x 12000m

x 500m (approximately 10 miles at the maximum range). In Fig. 6.24, we see that the

system is able to converge, however, the convergence requries signficantly more snapshots.
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Figure 6.19: DQN geometry-aware median localization error performance for swarm sizes of
6 to 10 UAS elements with shaded standard deviation and directional antennas and emitter
power 0 dBm.

Figure 6.20: DQN geometry-aware median localization error performance for swarm sizes of
6 to 10 UAS elements with shaded standard deviation and directional antennas and emitter
power -10 dBm.
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Figure 6.21: DQN final architecture comparison of initial and final localization error for
varying swarm sizes and directional antennas and emitter power 0 dBm.

Figure 6.22: DQN final architecture episode length for varying swarm sizes and directional
antennas and emitter power 0 dBm.

Figure 6.23: DQN final architecture average distance moved for each drone for varying swarm
sizes and directional antennas and emitter power 0 dBm.
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Figure 6.24: Localization error per step with sensors beginning at very long range. System
achieves convergence but requires many measurement steps.

Because the system was trained for a much smaller operating region, it is conceivable that

the "distance" layer of the DQN policy requires additional, longer range, geometries to train

against to enable faster convergence.
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Figure 6.25: Comparison of initial and final localization error for long range performance
with varying swarm sizes.

Figure 6.26: Episode lengths for varying swarm sizes and long range localization.

Figure 6.27: Long range localization average distance moved for each drone for varying
swarm sizes.
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Figure 6.28: Long range localization trajectory for a nominal case.
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6.3.3.2 Non-Random Starting Positions

Next, we evaluate trials where the initial UAS positions are not random but instead pre-

planned configurations. In these cases, the emitter positions are varied for each episode but

we maintain the same starting positions across a trial set of episodes.

Non-Ideal Geometries Degenerate starting positions, such as when the elements are

tightly clustered (within 10m in each axis as in Fig.6.29) or are collinear (Fig. 6.31) may

lead to low error over time because of the Kalman Filter, however, the SEP metrics do not

converge consistently.

133



Figure 6.29: Geometry with tightly clustered elements

Figure 6.30: Evaluation metrics for trials where UAS begin with tightly clustered elements.
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Figure 6.31: Geometry with collinear x and z, 100 m separation in y

Figure 6.32: Evaluation metrics for trials where UAS begin with collinear x and z, 100 m
separation in y.
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Spread Cube Provided the sensors have some spatial diversity to start, as seen in Fig.6.33

where the sensors are in a cube with 100m spread in each axis, nominal performance can

be achieved in the typical case. However, as shown in Fig. 6.34, this performance is not

guaranteed for sufficient cases.
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Figure 6.33: Initial and final positions of UAS with spatial diversity in starting position.
Nominal performance can be achieved in some cases when sensors have spatial diversity, in
this case, 100m in each axis.

Figure 6.34: Evaluation metrics for trials where UAS begin with spatial diversity in each
axis. While nominal performance can be achieved with 100 m separation in each axis, the
performance is not typical.
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Largely Spread Cube Start In Fig.6.35 the sensors start in a cube geometry with 350m

diversity in the x and y axes and 200 m in the z axis. Nominal performance can be achieved

more typically as shown in Fig 6.36. From this performance, we conclude that this spacing

should be considered a minimal for nominal performance.
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Figure 6.35: Initial and final positions of UAS with sufficiently-spaced starting position.
Nominal performance can be achieved in typical cases when sensors are have enough spatial
diversity, in this case, 350m in each axis.

Figure 6.36: Evaluation metrics for trials where UAS begin with sufficient spatial diversity
in each axis, which is approximately 350 m in x and y, and 200 m in z. Sufficient spatial
diversity provides more consistent typical performance.
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6.3.4 Sensor Hardware Impacts to Performance

Our prior assumptions of low positioning error and timing error enabled the system

to perform well in the given environment. Here, we modify these errors to determine the

sensitivity of the system to a larger magnitude hardware error.

First, we display performance in Fig.6.37 with no hardware error.
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Figure 6.37: Initial and final localization performance with no hardware error.

6.3.4.1 Increased Positioning and Local Timing Error

Prior simulations had 2 cm positioning error and 10 ns local clock timing error. The below

simulation increased those errors to 100 cm and 500 ns local timing error.
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Figure 6.38: Localization performance per step with 500 ns local timing error and 100 cm
positioning error.

Figure 6.39: Initial and final localization performance comparison with 500 ns local timing
error and 100 cm positioning error.
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Figure 6.40: Episode length with 500 ns local timing error and 100 cm positioning error.

Figure 6.41: Average distance moved with 500 ns local timing error and 100 cm positioning
error.

6.3.5 Environment Impacts to Performance

We have previously assumed a 50% mix of LoS to non-LoS conditions in this multipath

environment. In this section, we vary that mix to determine the ability of the system to

overcome dense multipath impacts.

Below in Fig.6.42 we baseline the performance with pure LoS performance (0 % mix).

This results in limited multipath impact to signal timing measurements, as we see the system

nearly immediately converge on the solution.
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Figure 6.42: DQN geometry-aware median localization error performance for swarm sizes of
6 to 10 UAS elements with shaded standard deviation and omnidirectional antennas, pure
LoS conditions.

Figure 6.43: DQN final architecture comparison of initial and final localization error for
varying swarm sizes and omnidirectional antennas, pure LoS conditions.
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Figure 6.44: DQN final architecture episode length for varying swarm sizes and omnidirec-
tional antennas, pure LoS conditions.

6.3.5.1 25% mix

Omnidirectional Antennas In the case of a 25% mix of NLoS-to-LoS conditions, we see

a nominal performance with Omnidirectional antennas. These cases converge quickly to a

low localization error.
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Figure 6.45: DQN geometry-aware median localization error performance for swarm sizes of
6 to 10 UAS elements with shaded standard deviation and omnidirectional antennas, 25%
Mix NLoS-to-LoS conditions.

Figure 6.46: DQN final architecture comparison of initial and final localization error for
varying swarm sizes and omnidirectional antennas, 25% Mix NLoS-to-LoS conditions.
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Figure 6.47: DQN final architecture episode length for varying swarm sizes and omnidirec-
tional antennas, 25% Mix NLoS-to-LoS conditions.

Figure 6.48: DQN final architecture average distance moved for each drone for varying swarm
sizes and omnidirectional antennas, 25% Mix NLoS-to-LoS conditions.

Directional Antennas Similar to the omnidirectional case, in a 25% mix of NLoS-to-

LoS conditions, we see a nominal highly-accurate and fast-converging performance with

Directional antennas.
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Figure 6.49: DQN geometry-aware median localization error performance for swarm sizes of
6 to 10 UAS elements with shaded standard deviation and directional antennas, 25% Mix
NLoS-to-LoS conditions.

Figure 6.50: DQN final architecture comparison of initial and final localization error for
varying swarm sizes and directional antennas, 25% Mix NLoS-to-LoS conditions.
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Figure 6.51: DQN final architecture episode length for varying swarm sizes and directional
antennas, 25% Mix NLoS-to-LoS conditions.

Figure 6.52: DQN final architecture average distance moved for each drone for varying swarm
sizes and directional antennas, 25% Mix NLoS-to-LoS conditions.

6.3.5.2 100% mix

Omnidirectional Antennas As we shift to a 100% mix of NLoS-to-LoS conditions, we

see a degradation in nominal performance with Omnidirectional antennas. These cases

nominally take 15+ episodes to converge, and the localization error is at least double of

the nominal case. This performance is expected as the delay spread impacts increase with

increasing NLoS.
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Figure 6.53: DQN geometry-aware median localization error performance for swarm sizes of
6 to 10 UAS elements with shaded standard deviation and omnidirectional antennas, 100%
Mix NLoS-to-LoS conditions.

Figure 6.54: DQN final architecture comparison of initial and final localization error for
varying swarm sizes and omnidirectional antennas, 100% Mix NLoS-to-LoS conditions.

150

so 
Evaluation: Median Localization Error (per step) 

Swarm size 

- 40 - N=6 
E -~ 
0 
~ 
~ 

w 
C 
0 

+-' ro 
N 

(IJ 
u 
0 
.....J 

llO 

lO 

N=7 
- N=8 

30 - N=9 
N=lO 

20 

10 

0 
5 10 15 20 25 

Step 

N•S • Initial Locahzation Error N•6 • Initial Locahzation Error N•7 • Initial Locahzation Error N•B • Initial Locahzation Error N•9 • 1n·t1at Localization Error N•lO • Initial Localization Error 

•• 11<-29826 
-- ndal78U 
--- -3687§1 

•••• i,a,184 77 
-- rNdal3' 32 
--- -20S6S 

rr 

~~ l':!:2
1~ 89 

---to.,, 

~ 

- -
r 

•••• i-11794 
- - 1Ndal6 S3 
--· -!U78 

-

r-

•••• i-11611 
-- mklal889 
--- 00102 n 

- -
168 
7414 ., 

10 20 30 40 500 10 20 30 40 500 10 20 » 40 500 10 20 30 40 500 10 20 30 40 500 10 20 30 40 SO 
Localization error (ml 

N•S • Anal Localization Error 

...... ij,n 
-- med.,JBJS 
--- -~s90 

Localization error (m) Locahzat10n MW fm) 

N•6 • Final Locahzation Error N•7 • Anal Localization Error 

.... 1Pl~U 
-- rred!.7.30 
--- -2680 

n_ 

•••• i,-S05 
-- rred•l.S3 
--- o-118 

Localization fflW (m) Localization error (m) Localization error fm) 

N•B • final localization Error N•9 • final Locahzation Error N•lO • final Locahzation Error 

., 

"" l"-3 60 
-- med•342 
--- -266 

., 

.... 1"'360 
-- rre<:1•347 
--- -249 

.... 1"'3 39 
-- rre<:1•347 
--- o-111 

10 20 JO 40 500 10 20 JO 500 10 20 30 40 500 10 20 JO 40 500 10 20 JO 40 500 10 20 30 40 50 
Localization enor (ml Localization error (m) Localization error fm) Localization mor (ml Localization error (m) Localization enor (m) 



Figure 6.55: DQN final architecture episode length for varying swarm sizes and omnidirec-
tional antennas, 100% Mix NLoS-to-LoS conditions.

Figure 6.56: DQN final architecture average distance moved for each drone for varying swarm
sizes and omnidirectional antennas, 100% Mix NLoS-to-LoS conditions.

Directional Antennas In the 100% mix of NLoS-to-LoS conditions for directional an-

tennas, we see a further degradation over to the localization performance over the omnidi-

rectional case. These cases nominally take 20+ episodes to converge, and the localization

error is similar to the omnidirectional case with a high standard deviation.
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Figure 6.57: DQN geometry-aware median localization error performance for swarm sizes of
6 to 10 UAS elements with shaded standard deviation and directional antennas, 100% Mix
NLoS-to-LoS conditions.

Figure 6.58: DQN final architecture comparison of initial and final localization error for
varying swarm sizes and directional antennas, 100% Mix NLoS-to-LoS conditions.
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Figure 6.59: DQN final architecture episode length for varying swarm sizes and directional
antennas, 100% Mix NLoS-to-LoS conditions.

Figure 6.60: DQN final architecture average distance moved for each drone for varying swarm
sizes and directional antennas, 100% Mix NLoS-to-LoS conditions.

6.3.6 Emitter Frequency Impacts to Performance

To evaluate the system in simulation at other frequencies, we modified the implemented

error parameters from ITU-R P.1411-12 [83]. The modified frequency changes the path

loss and the multipath dynamics, however, because the overall performance of the LOCA

algorithm is not frequency dependent, we do not expect to see significant loss in performance

with changing frequencies.

6.3.6.1 Train New Policies at Other Frequencies

We first consider the need to train new policies for the system with alternate emitter

broadcast frequencies.

2.4GHz Emitter, Directional Antennas At 2.4 GHz with directional antennas, evalua-

tions showed an increase in the typical localization error at each repositioning step. The

153

70 

f,() 

50 

40 

JO 

20 

10 

2.00 

1.75 

1.50 

1.25 

1.00 

07' 

0.50 

0.25 

0.00 

N=5 • Episode Length N =6 • Episode Length N=7 • Episode Length N=B • Episode Length N=9 • Episode Length N=lO • Episode Length 

•••• ~84 

-- ~d 00.C 
--- ~27 

n _., '-

25 50 7S 100 20 40 f,() 00 ~ 0 20 40 f,() 00 ~ 0 20 40 f,() 00 ~ 0 20 -0 f,() 00 ~ 0 20 40 f,() 00 ~ 
btal steps per episode btal steps per episode btal steps per episode btal steps per episode btal steps per episode btal steps per episode 

N=5 • Avg Distance Moved N=6 • Avg Distance Moved N = 7 • Avg Distance Moved N=B • Avg Distance Moved N=9 • Avg Distance Moved N=lO • Avg Distance Moved 

0 2000 4000 6000 0000 20)0 4000 6000 2000 4000 6000 0 1000 2000 3000 4000 5000 2000 4000 6000 0000 0 2000 4000 f,()00 
Avg distance moved per drone (m) Avg distar.ce moved per drone fm) Avg distance moved per drone fm) Avg distance moved per drone tm) Avg distance moved per drone (m) Avg distance moved per drone (m) 



localization metrics show both higher localization error and significantly more steps to con-

vergence than the 5GHz cases.

Figure 6.61: DQN geometry-aware median localization error performance for swarm sizes
of 6 to 10 UAS elements with shaded standard deviation and directional antennas; system
trained for 2.4GHz and seeking emitter with 2.4 GHz signal.
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Figure 6.62: DQN final architecture comparison of initial and final localization error for
varying swarm sizes and directional antennas; system trained for 2.4 GHz and seeking emitter
with 2.4 GHz signal.

Figure 6.63: DQN final architecture episode length for varying swarm sizes and directional
antennas; system trained for 2.4GHz and seeking emitter with 2.4 GHz signal.

Figure 6.64: DQN final architecture average distance moved for each drone for varying swarm
sizes and directional antennas; system trained for 2.4GHz and seeking emitter with 2.4GHz
signal.
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2.4GHz Emitter, Omnidirectional Antennas Similar to the directional case, at 2.4GHz

with omnidirectional Antennas, evaluations showed an increase in the typical localization

error at each repositioning step over the 5 GHz cases. The steps to convergence are lower

than the directional cases, but still significantly higher than the 5 GHz case.

Figure 6.65: DQN geometry-aware median localization error performance for swarm sizes of
6 to 10 UAS elements with shaded standard deviation and omnidirectional antennas; system
trained for 2.4GHz and seeking emitter with 2.4 GHz signal.
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Figure 6.66: DQN final architecture comparison of initial and final localization error for
varying swarm sizes and omnidirectional antennas; system trained for 2.4GHz and seeking
emitter with 2.4GHz signal.

Figure 6.67: DQN final architecture episode length for varying swarm sizes and omnidirec-
tional antennas; system trained for 2.4 GHz and seeking emitter with 2.4GHz signal.

Figure 6.68: DQN final architecture average distance moved for each drone for varying
swarm sizes and omnidirectional antennas; system trained for 2.4GHz and seeking emitter
with 2.4 GHz signal.

157

N=S • Initial Localization Error N=6 • Initial Localization Error N=7 • Initial Localization Error N=8 • Initial Localization Error N=9 • Initial Localization Error N=l0 • Initial Localization Error 

•••• µ,,303.91 

-- n-ed=l79.76 
--- 0=382.89 

Localization error (m) 

N=S • Final localization Error 

•••• µ,,176.55 

-- n-ed=ll3.06 
--- 0=188.77 

Loca'ization error (m) 

N=6 • Fir al Localization Error 

•• µ,,133.69 

-- n-ed=88.54 
--- 0=12~ 

Localization error (m) 

N= 7 • Final Localization Error 

µ,,119.99 
n-ed=89.16 

0=9326 

•••• µ,,106.25 

- - n-ed=Sl.84 
--- 0=9121 

:.-

• µ,,97.03 
n-ed=B.37 

;;1,.11 

Localization error (ml Localization error (m) Localization error (m) 

N=8 • Final Localization Error N=9 • Final _ocalization Error N=l0 • Final Localization Error 

"'~----.- ... ~""-,,-,,~ ••• µ,,16.24 

-- n-ed!S.63 
" " " 

••• µ,,5.50 

-- tred=l.69 
•• µ,,4.55 •••• µ,,.4.44 .:.· •••• µ,,.4-60 

70 

60 

10 

60 

50 

40 

.,, 
20 

10 

2.00 

175 

1.50 

1.25 

100 

0.75 

0.50 

0.25 

000 

-- .-.d=35.26 
--- <f,,-137.22 

Localization error (m) 

N=S • Episode Length 

i 
•••• ,i,eso 

>D~ 
-- lfed= 
--- 'f30 

n 

--- 0=2.{97 

50 0 
Loca"ization error (m) 

N=6 • Episode Length 

•••• µ,,17.8 

-- n-ed=13.0 

--· 0=17.8 

--· o=7 26 

n~ 
10 20 .,, 40 50 

Localization error (m) 

N=7 • Episode length 

•••• :µ,e404 

-- :n-ed=32.0 

---
1
0=31-2 

0 

- - tred=l.69 
--- o=3 28 

h 
10 20 .,, 40 50 0 

Localization error (ml 

N=8 • Episode length 

•••• µ,eh.a 
-- n-e~=38.0 

--- 0=~4.9 

-- tred=l.69 
--· o=2 76 

l 
10 " 

.,, 40 50 0 
Localization error (m) 

N=9 • Episode Length 

•••• µ,e5i3 

-- n-ed~44.5 

--- 0=1b 

- - tred=3.60 
--- o=3.ll 

L 
10 20 .,, 40 50 

Localization error (m) 

N=l0 • Episode Length 

2S 50 7S 100 20 40 60 00 ~ 0 20 40 60 00 ~ 0 20 40 60 00 ~ 0 20 G 60 00 ~ 0 20 40 60 00 ~ 
btal steps per episode 

N=5 • Avg Distance Moved 

·--~ µ,,.330907 --! n-ed=3267.08 

T"'" 

btal steps per episode 

N=6 • Avg Distance Moved 

•••• µ:1515.91 

-- n-ed=l389.61 
--· 0=598.19 

btal steps per episode 

N=7 • Avg Distance Moved 

: i ~-.. µ:1741.82 

,: r=::-

btal steps per episode btal steps per episode btal steps per episode 

N=B • Avg Distance Moved N=9 • Avg Distance Moved N=l0 • Avg Distance Moved 

: i .... : µ:1869 73 

! l :j :: 3~~;~627 

n i 
1: : 

:i : 
n i 
" i 

2000 4000 6000 aooo o 100c 2000 3000 4000 500o o 1000 2000 3000 4000 5000 o 1000 2000 3000 4000 0 1000 2000 3000 4000 0 1000 2000 3000 4000 

Avg distance moved per drone (m) Avg distance moved per drone (m) Avg distance moved per drone fm) Avg distance moved per drone fm) Avg distance moved per drone (m) Avg distance moved per drone fm) 



8GHz Emitter, Directional Antennas At 8 GHz, the convergence metrics for directional

antennas showed slightly lower localization error than the 5GHz case, however, the system

required closer to 10 steps for convergence whereas the 5 GHz case required 4–5 steps. The

localization error per step curve in Fig. 6.69 shows convergence for the first few steps followed

by divergence, suggesting a significant number of trials converged faster while others required

more steps to convergence, however the majority of cases still achieved a low localization

error.

Figure 6.69: DQN geometry-aware median localization error performance for swarm sizes
of 6 to 10 UAS elements with shaded standard deviation and directional antennas; system
trained for 8GHz and seeking emitter with 8 GHz signal.
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Figure 6.70: DQN final architecture comparison of initial and final localization error for
varying swarm sizes and directional antennas; system trained for 8GHz and seeking emitter
with 8 GHz signal.

Figure 6.71: DQN final architecture episode length for varying swarm sizes and directional
antennas; system trained for 8GHz and seeking emitter with 8 GHz signal.

Figure 6.72: DQN final architecture average distance moved for each drone for varying
swarm sizes and directional antennas; system trained for 8 GHz and seeking emitter with
8GHz signal.
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8GHz Emitter, Omnidirectional Antennas At 8 GHz, the convergence metrics for the

omnidirectional antennas evaluation showed similar performance to the directional case, with

slightly fewer episodes to convergence. The localization error per step curve in Fig. 6.73 shows

less divergence on later steps, suggesting a more stable performance across episodes.

Figure 6.73: DQN geometry-aware median localization error performance for swarm sizes of
6 to 10 UAS elements with shaded standard deviation and omnidirectional antennas; system
trained for 8GHz and seeking emitter with 8 GHz signal.
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Figure 6.74: DQN final architecture comparison of initial and final localization error for
varying swarm sizes and omnidirectional antennas; system trained for 8 GHz and seeking
emitter with 8GHz signal.

Figure 6.75: DQN final architecture episode length for varying swarm sizes and omnidirec-
tional antennas; system trained for 8 GHz and seeking emitter with 8GHz signal.

Figure 6.76: DQN final architecture average distance moved for each drone for varying swarm
sizes and omnidirectional antennas; system trained for 8 GHz and seeking emitter with 8 GHz
signal.
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6.3.6.2 Utilize Policies for 5GHz at Other Frequencies

We next evaluate the original policy, trained at 5GHz, at these alternate frequencies.

2.4GHz Emitter, Directional Antennas The UAS with directional antennas trained at

5GHz seeking a 2.4 GHz emitter shows lower median localization accuracy across episode

steps and requires more steps for convergence. However, while the performance is not opti-

mized, it appears that the policy trained at 5 GHz can be utilized at 2.4GHz for directional

antennas.

Figure 6.77: DQN geometry-aware median localization error performance for swarm sizes
of 6 to 10 UAS elements with shaded standard deviation and directional antennas; system
trained for 5GHz and seeking emitter with 2.4 GHz signal.
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Figure 6.78: DQN final architecture comparison of initial and final localization error for
varying swarm sizes and directional antennas; system trained for 5GHz and seeking emitter
with 2.4 GHz signal.

Figure 6.79: DQN final architecture episode length for varying swarm sizes and directional
antennas; system trained for 5GHz and seeking emitter with 2.4 GHz signal.

Figure 6.80: DQN final architecture average distance moved for each drone for varying swarm
sizes and directional antennas; system trained for 5GHz and seeking emitter with 2.4GHz
signal.
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2.4GHz Emitter, Omnidirectional Antennas Similar to the UAS with directional an-

tennas, the omnidirectional UAS trained at 5GHz seeking a 2.4GHz emitter shows lower

median localization accuracy across episode steps and requires more steps for convergence.

However, while the performance is not optimized, it appears that the policy trained at 5GHz

can be utilized at 2.4 GHz for omnidirectional antennas.

Figure 6.81: DQN geometry-aware median localization error performance for swarm sizes of
6 to 10 UAS elements with shaded standard deviation and omnidirectional antennas; system
trained for 5GHz and seeking emitter with 2.4 GHz signal.
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Figure 6.82: DQN final architecture comparison of initial and final localization error for
varying swarm sizes and omnidirectional antennas; system trained for 5 GHz and seeking
emitter with 2.4GHz signal.

Figure 6.83: DQN final architecture episode length for varying swarm sizes and omnidirec-
tional antennas; system trained for 5 GHz and seeking emitter with 2.4GHz signal.

Figure 6.84: DQN final architecture average distance moved for each drone for varying
swarm sizes and omnidirectional antennas; system trained for 5 GHz and seeking emitter
with 2.4 GHz signal.
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8GHz Emitter, Directional Antennas The UAS with directional antennas trained at

5GHz seeking an 8GHz emitter shows lower median localization accuracy across episode

steps and requires more steps for convergence. However, while the performance is not opti-

mized, it appears that the policy trained at 5GHz can be utilized at 8 GHz for directional

antennas.

Figure 6.85: DQN geometry-aware median localization error performance for swarm sizes
of 6 to 10 UAS elements with shaded standard deviation and directional antennas; system
trained for 5GHz and seeking emitter with 8 GHz signal.
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Figure 6.86: DQN final architecture comparison of initial and final localization error for
varying swarm sizes and directional antennas; system trained for 5GHz and seeking emitter
with 8 GHz signal.

Figure 6.87: DQN final architecture episode length for varying swarm sizes and directional
antennas; system trained for 5GHz and seeking emitter with 8 GHz signal.

Figure 6.88: DQN final architecture average distance moved for each drone for varying
swarm sizes and directional antennas; system trained for 5 GHz and seeking emitter with
8GHz signal.
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8GHz Emitter, Omnidirectional Antennas The UAS with omnidirectional antennas

trained at 5GHz seeking an 8GHz emitter shows lower median localization accuracy across

episode steps and requires more steps for convergence. However, while the performance is

not optimized, it appears that the policy trained at 5GHz can be utilized at 8GHz for

directional antennas.

Figure 6.89: DQN geometry-aware median localization error performance for swarm sizes of
6 to 10 UAS elements with shaded standard deviation and omnidirectional antennas; system
trained for 5GHz and seeking emitter with 8 GHz signal.
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Figure 6.90: DQN final architecture comparison of initial and final localization error for
varying swarm sizes and omnidirectional antennas; system trained for 5 GHz and seeking
emitter with 8GHz signal.

Figure 6.91: DQN final architecture episode length for varying swarm sizes and omnidirec-
tional antennas; system trained for 5 GHz and seeking emitter with 8GHz signal.

Figure 6.92: DQN final architecture average distance moved for each drone for varying swarm
sizes and omnidirectional antennas; system trained for 5 GHz and seeking emitter with 8 GHz
signal.
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6.3.6.3 Frequency Analysis Conclusion

The system shows comparable performance when training at a specific frequency against

training at the baseline 5GHz frequency, meaning the policy is dependent primarily on

geometry and can be applied across the frequency band. This is understandable as the

LOCA equation is dependent on geometry only and our rewards are otherwise signal strength

based. Other methods, like phase correlative approaches, require wavelength-driven decisions

on sensor geometry. To this extent, we intentionally avoided phase-coherent payloads in this

work. This observation that a policy trained at 5GHz transfers to 2.4GHz and 8GHz

without retraining, consistent with meter-scale geometric control rather than wavelength-

scale phase observables, further shows that correlative interferometry is not well matched to

the dissertation’s target scenario.

6.3.7 Analysis of Final Architecture using EXata Digital-Twin

We evaluate the performance of our final architecture and its trained policies using EXata

[103]. Here, we consider both omnidirectional and directional antenna performance, and

quantify the performance of the system in a more robust environmental simulation. The

EXata architecture utilized a system of eight UAS modeled under Rician fading in a simulated

urban area where the UAS typically began its search 300m–500m from the emitter.

The initial starting positions of the UAS followed grid-like positions as in Sec. 6.3.3.2,

where neighboring UAS were within 100 m in the x and y coordinates. These starting

positions allowed the analysis to consider realistic implementations of the UAS system.

6.3.7.1 Omnidirectional Antenna Performance

The omnidirectional antenna performance showed nominal performance comparable to

what was found in Sec. 5.6.5.2, with median localization error around 4.7m and converg-

ing in approximately 5 steps, shown in Fig. 6.93. However, while the median performance

showed positive results, the standard deviation of the results was significantly high due to

the performance from the structured starting positions. This result indicates an opportunity

for further refinement either in the starting position restrictions or in the controller itself to

enable a wider range of UAS geometries.

We also show trajectories for the UAS in both 2D and 3D in Fig. 6.94, with starting
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Figure 6.93: Localization performance in EXata of final architecture with omnidirectional
antennas. Performance is comparable to Python simulations.

positions provided by ◦ and final positions provided by △. The median performance shows

the system effectively converging on the emitter in approximately two steps, however, the

controller seeks to refine the SEP to a stable minimum. This result supports a looser target

threshold to provide useful emitter location results in very few snapshots.
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Figure 6.94: An example of the median performance of the UAS trajectory in EXata with
final architecture and omnidirectional antennas, showing the SEP at each step, the localiza-
tion estimate error, and a 2D and 3D depiction of the initial and final UAS positions.
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6.3.7.2 Directional Antenna Performance

We further evaluated the architecture in EXata using directional antennas. In this eval-

uation, we utilized antenna patterns shown in Fig.6.95, where the horizontal pattern cor-

responds to the azimuth direction and the vertical pattern corresponds to the elevation

direction. Because the main lobe for these patterns does not peak at 0 ◦, but instead has

nominal high gain near 180 ◦, we provided a deterministic command to the controller to

ensure the UAS heading was pointing the 180 ◦ portion of the horizontal antenna pattern

towards the emitter.

The directional antenna performance showed nominal performance comparable to what

was found in Sec. 6.3.1, with median localization error around 5.8m and converging in

approximately 8 steps, shown in Fig. 6.96. Again, the localization error had a significantly

high standard deviation, owed to the structured starting positions. We show trajectories for

the UAS in both 2D and 3D in Fig. 6.97, with starting positions provided by ◦ and final

positions provided by△. Similar to the omnidirectional case, the median performance shows

the system effectively converging on the emitter in approximately two steps.

Figure 6.95: Horizontal and vertical antenna patterns used for EXata directional antenna
analysis. The main lobe does not peak at 0 ◦ but instead has optimal performance near 180 ◦.

173

210· 

I 
I , , 

, , , 

• I Pattern Overlay Honzonta o· 

~, 
,- I\ 

/ I \ 

\ 
\ ,, \ 

j-
40 

30 

t ~L 

\ 
\ \ 

225• 

- Port 1 (+45·) 
-- Port2(-4S•) 

180" 

45• 

/ 

135• 

\ 
\ 

• I Pattern Overlay Vert1ca o· 

90" 



Figure 6.96: Localization performance in EXata of final architecture with directional anten-
nas. Performance is comparable to Python simulations.

Figure 6.97: An example of the median performance of the UAS trajectory in EXata with
final architecture and directional antennas, showing the SEP at each step, the localization
estimate error, and a 2D and 3D depiction of the initial and final UAS positions.
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Chapter 7

CONCLUSION

In this dissertation, we investigated cooperative UAS geolocation of RF emitters using

time-based measurements in environments that include realistic hardware error sources and

multipath. Our hypothesis was that if a cooperative UAS array can intelligently adapt its

geometry, then it can efficiently reduce localization error in complex multipath environments

and quickly converge on an accurate solution for an unknown-location emitter.

The central contribution of this work is the development and evaluation of geometry

controllers that dynamically reposition the array to improve localization performance, and

we validated our machine learning-based controllers in Monte Carlo simulations and in an

EXata digital-twin environment.

7.1 Summary of Technical Findings

First, we established baseline performance and sensitivities for time-based geolocation

methods under both error-free and error-induced conditions. In error-free conditions, both

multilateration and LOCA improve with increasing sensor quantity, with results that improve

in a roughly logarithmic manner and generally indicate that array sizes on the order of five

to ten sensors can be sufficient for many mission profiles.

Second, when realistic sensor positioning and local timing errors are included, the two

methods diverge significantly: multilateration remains far above the CRLB and shows lim-

ited benefit beyond modest increases in sensor count, while LOCA remains much closer to

the CRLB and continues to improve with increasing sensor quantity. In these simulations,

we observed diminishing improvements in emitter localization accuracy for array sizes in

excess of approximately eight sensors, emphasizing that geometry and measurement quality

dominate once sensor redundancy is achieved.

Third, we leveraged LOCA’s subset-based solution cloud to enable estimate filtering and
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confidence metrics that do not require knowledge of the true emitter location. With only five

sensors, a single LOCA estimate exists per snapshot; with six or more sensors, redundant

subsets produce a solution cloud that can be filtered statistically with sufficiently large subset

solutions per snapshot with 8 sensors to enable meaningful outlier rejection and confidence in

the solution median estimates. This capability is foundational for adaptive geometry control

because it provides an internal convergence signal (e.g., SEP and distribution spread) even

when the true emitter position is unknown.

Fourth, we demonstrated that active geometry control provides a measurable advantage

over static sensing. In comparative policy experiments across multiple RL approaches, all

controllers reduced SEP within approximately 5-–10 repositioning steps, and most RL poli-

cies achieved greater than 60% error reduction by step 10 in the evaluated dense-multipath

simulation setting. The results also show meaningful tradeoffs between convergence speed

and motion effort: DQN and A3C were comparatively conservative in distance traveled,

while MADDPG expended more distance to converge in fewer steps.

Fifth, we validated the geometry-control approach in an EXata digital twin with Rician

fading and adverse weather, showing that the learned policy is not limited to the simplified

Monte Carlo channel model. In EXata, the system demonstrated more stable performance,

converging in fewer repositioning steps and achieving higher localization accuracy overall

(e.g., mean step count 2.8 in EXata versus 9.4 in the Python simulation, with mean final

SEP on the order of 4.1 m). Further, the EXata comparisons indicate that while adverse

multipath increases initial error, geometry refinement rapidly overcomes these impacts once

repositioning begins.

7.2 Practical Implications

The results support the conclusion that cooperative UAS geolocation performance is

not determined solely by the choice of time-based algorithm, but by the combined design

of (i) measurement quality bounds (sensor positioning and timing), (ii) redundancy via

multi-sensor cooperation, and (iii) an adaptive geometry strategy that actively improves

conditioning relative to the emitter. In practice, this suggests that system designers can

trade platform count and coordination complexity against achievable accuracy, and that
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once a modest level of redundancy is achieved, intelligent geometry adaptation becomes the

dominant discriminator for efficient convergence in dense multipath environments.

7.3 Limitations

This study assumes that sensors can consistently timestamp the same received signal

feature (or signal edge) when producing TOA/TDOA measurements, and errors in feature

alignment and correlation can introduce additional effective timing error that is not ex-

plicitly modeled here. Additionally, while the Monte Carlo channel model was intentionally

conservative, it can over-penalize conditions where the array converges into true LoS regimes,

motivating the EXata digital twin comparisons and future empirical validation.

7.4 Future work

While the geometry controller developed in this research sufficiently provides the ability to

quickly find an unknown-location emitter in a dense multipath environment, future research

could further enhance the operational utility of this system.

Controller Parameter Extension The controller developed in this study provides param-

eters for geometry shaping and fundamental sensing information for the UAS to converge

on an unknown-location emitter. Other parameters can be implemented and refined for

more complex use cases, such as those to improve signal correlation across measurements

or to account for antenna mismatch errors. Similarly, inter-UAS collision avoidance and

obstacle avoidance are assumed to be handled by other features of the autonomous UAS. In

these cases, other autonomy-enabling sensors, such as the onboard LiDAR, could be used to

provide continuous physical geometry feedback. Using LiDAR, when the UAS approaches

physical obstructions, the controller can treat them as visual barriers and implement them

as both RL reward penalties and specific deterministic control mechanisms to reduce the

likelihood of collisions.

Further, when the directional antennas were implemented into the architecture, the sys-

tem utilized the policies generated for the omnidirectional antennas. It is possible that

including the antenna pattern into the reward function and the observation states could

improve the convergence of the system instead of solely relying on the deterministic heading

control of the UAS. In these cases, the system could either implement emitter bearings di-
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rectly or indirectly as part of the convergence methodology, and the UAS system would use

this additional environmental information to localize the emitter in fewer steps.

Multiple Emitter Use Cases This dissertation focuses on the geolocation of a single,

stationary RF emitter using this cooperative UAS array. Extensions to multiple simultaneous

emitters or to moving targets are outside the research scope, however, they are appropriate

for future studies. In those studies, the utilization of MUSIC [21] as a signal pre-processing

approach can separate the individual emitter signal information and potentially allow the

UAS array to localize multiple emitters as groups of UAS subarrays.

Physical System Realization While the controller developed in this work is implemented

in a quantitative simulation and in digital twin model of both the environment and the

hardware, the physical implementation of the system is left as an opportunity for future

development. In an extension of this work, empirical studies would be performed using real

hardware to quantify end-to-end error sources and validate convergence behavior outside

these simulations.
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APPENDIX
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APPENDIX A

Table 8.1: Algorithm terms and parameters.

Term Description

si = (xi, yi, zi) UAS (sensor) position
Ê = (x̂e, ŷe, ẑe) Emitter location estimate
∆tij Time difference of arrival (TDOA) between sensors i and j

c Signal propagation speed
di Euclidean distance of sensor i to system origin
Λ = {λm}Mm=1 Cloud of LOCA solutions (candidate emitter locations)
SEP50 = q0.5

{∥∥∥λm − Ê
∥∥∥} Spherical error probable (median) of LOCA solutions relative

to Ê

σ2
t,i =

3R2
i

4π2f Ts B2 r20 SNR0
Range-dependent timing (or measurement) variance for sensor
i

f Operating frequency
Ri Emitter–sensor range for sensor i

Ts Sensor integration time
B Sensor bandwidth
r0 Minimum sensor operational range
SNR0 Minimum sensor signal-to-noise ratio
P State estimation error covariance (Kalman filter)
zk Weighted-fused LOCA position measurement at step k

Rk Measurement covariance associated with zk
ωm Variance-aware weight for LOCA solution λm

wk, vk Kalman filter process noise and measurement noise (at step k)
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