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Abstract—This study presents a geometry-aware position con-
troller for a small array of cooperative unmanned aerial vehicles
(UAVs) to localize an unknown-location emitter in a dense
multipath environment. The UAVs operate as dynamically repo-
sitioning sensors that are controlled by a deep Q reinforcement
learning network optimized by geometry shaping and reduction
of elliptical error probable (EEP) through fusion of time dif-
ference of arrival and received signal strength measurements.
Monte Carlo simulations show orders-of-magnitude reduction in
localization error in very few measurement steps and the ability
to perform accurate localization with as few as six UAV sensors.

Index Terms—localization, UAVs, TDOA, DQN

I. INTRODUCTION

The technological evolution of autonomous unmanned aerial
vehicles (UAV) and cooperative swarms of these systems
(UAS) has enabled enhanced radio frequency (RF) sensing
applications that exploit the dynamic mobility of the UAVs
[1]–[3]. This paper extends [4] with DQN-based online ge-
ometry adaptation for emitter localization in dense multipath.
The application in this paper is a small UAS swarm (six or
more elements) geolocating an emitter that is at an unknown
location in a dense multipath environment, such as an urban
area. A system that can accurately locate an emitter within
a few measurements of its signal has strategic advantages in
search and rescue missions, spectrum monitoring, and electro-
magnetic spectrum operations. We consider for this study an
emitter broadcasting a 5 GHz signal from an unknown location
in a 1600 m x 1600 m x 500 m urban region. Each UAV is
airborne and self-positioned with ∼2 cm accuracy (aided by
on-board LIDAR); the sensor clocks are synchronized pre-
mission and stabilized by ∼10 ns precision CSAC [4].

II. THEORY

A. Emitter Localization Approach with Cooperative UAVs

As the N -sensor UAS traverses the measurement space, the
system detects an emitter signal at a given time or snapshot.
The time difference of arrival (TDOA) τij across all UAVs
i, j, ...N and their positions Pi are processed by the LOCA
[5] localization algorithm to determine an emitter location
estimate ê. With six or more UAVs all collecting a single mea-
surement snapshot, a cloud Λf of emitter location estimates
êi is generated, which is refined to remove outliers. Because
dense-multipath reflections can leave the filtered solution cloud

skewed, the per-timestep LOCA estimate is tracked by the
median rather than the mean: êm = median(Λf).

B. Localization Cloud Error Metrics

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 repo-
sitioning the UAS array into a configuration that minimizes the
spread of Λf [4].

The localization estimate quality can be expressed in terms
of the spherical error probable (SEP) radius, denoted SEP50

for the median case, representing the region containing the
estimated location Λf with probability 50% [6]:

SEP50 = q0.5{∥êm − Λf∥2} , (1)

where q0.5{·} denotes the 0.5 quantile (median) operator.
To quantify localization uncertainty, we calculate elliptical

error probable (EEP) in azimuth and elevation planes from the
filtered solution cloud. Following standard confidence-ellipse
theory [7], 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 covariance

matrix formed from the estimate cloud Λf is calculated for the
azimuth and elevation planes. Let λ1 ≥ λ2 be the eigenvalues
of the in-plane covariance; then the EEP semiaxes are [8]:

a =
√
χ2
2
−1(p)λ1, b =

√
χ2
2
−1(p)λ2. (2)

Azimuth (aaz, baz) is calculated in the horizontal x–y plane.
Elevation (ael, bel) is computed by the plane spanning the
dominant horizontal uncertainty direction and the vertical axis
to provide a meaningful 2D slice for elevation error analysis.

The approximate radius, in terms of azimuth EEPAz and
elevation EEPEl, is derived from the EEP semiaxes with a
probability that depends on the ellipse eccentricity [8]:

EEPr ≈ 0.75
√

a2 + b2. (3)



Fig. 1. DQN geometry-aware cloud metrics targets annealing across training steps, with thresholds achieved: SEP50 ∼1 m, EEPAz ∼2 m, and EEPEl ∼4 m.

C. Deep Q-Network Geometry Controller

The UAV geometries are controlled by a deep Q-network
(DQN) with two fully-connected layers, dropout regulariza-
tion, and an experience replay buffer [9]. DQN was selected
for this study because the controller uses a discrete reposi-
tioning action set and a reward-driven geometry optimization
objective.

The DQN state features observe the above metrics ( Pi, τij ,
Λf , êm, SEP50, EEPAz , EEPEl) and the emitter received
signal strength for each UAV: RSSi...N . Further, we track
the Euclidean distance di from Pi to êm, considering the
performance of [4] where localization accuracy improved sig-
nificantly as the UAVs found equidistance around the emitter.

The DQN is rewarded by UAS position-based actions that
(I.) reduce the cloud error metrics and (II.) stabilize di so
the UAVs form a pseudo-column 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 by decreases in localization error Le so that it
receives additional features to learn optimized geometries.

III. EVALUATION RESULTS AND CONCLUSION

The system was evaluated in a Python/Gymnasium Monte
Carlo environment [10]. Stochastic propagation models from
[11] were implemented to simulate a dense urban multipath
environment. The DQN was trained for 1250 random initial
UAV and emitter positions with 6-to-9 UAVs. 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 2 m SEP and EEP. The annealing
gates are visualized in Fig. 1 showing the achievement of a
minimized threshold over training cycles.

The policy was evaluated across 250 episodes for each
of 6-9 UAS swarm sizes and target gates SEP50= 1 m,
EEPAz= 1.5 m, and EEPEl= 2 m. The nominal system lo-
calization performance, shown as the median at each repo-
sitioning step across all episodes per UAS size in Fig. 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.

Fig. 2. DQN geometry-aware median localization error performance for
swarm sizes of 6 to 9 UAVs with shaded standard deviation.

Overall, these results indicate that geometry-aware DQN
control can rapidly converge a cooperative UAS toward opti-
mal localization performance with minimal sensing steps.
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