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Abstract— Cooperative unmanned aerial vehicle (UAV)
arrays can improve RF emitter localization by actively changing
sensor geometry, but the controller choice is often difficult to
decide because prior comparisons vary the estimator, sensing
model, or motion assumptions at the same time. This work
compares four reinforcement-learning geometry controllers
against a non-learning baseline under a common localization
approach. Each controller receives the same signal observations,
operates under the same motion model, and is evaluated using
the same localization estimator in the same dense-multipath
error model. The controller evaluation compares independent
versus centralized training decentralized execution models as
well as off-policy versus on-policy models. In Monte Carlo
simulations with randomized initial UAV and emitter positions,
learned controllers achieve larger error reductions and more
stable localization performance than the greedy baseline:
median localization error decreases by 60% and the uncertainty
radius by 90% within 7-12 steps. Further, the study shows that
while learned geometry control improves localization
convergence, centralized training is not always necessary for
this real-time, continuous feedback localization problem.

I. MOTIVATION

A cooperative UAV array provides a more adaptable sensing
geometry for RF emitter localization over that of fixed arrays
or fixed-wing collection platforms which have limited field
of view or limited elevation diversity [1], [2]. In cluttered RF
environments with time-based localization, multipath and
timing effects can increase uncertainty and cause a static or
poorly conditioned array to converge slowly [3] or to settle
around an inaccurate estimate.

Prior work has shown that UAV repositioning can improve
localization by reducing uncertainty in the estimator [4]-[9].
However, there are limited studies that compare how the
controller improves the estimation process without
simultaneously changing multiple system elements: the
estimator, the reward approach, the sensing model, the
controller, or the environment. In this work, we instead vary
only the controller while holding fixed the localization
approach and environment, allowing this comparison to focus
on how reinforcement-learning (RL) architectures provide an
advantage over a non-learning baseline and how the choice in
centralized/decentralized training/execution and off/on-
architectures impacts the operational outcome.
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II. LOCALIZATION AND CONTROL

The localization system uses a cooperative set of UAV
sensors that reposition their geometries as they localize an
unknown-location 5 GHz emitter. The system collects
received signal strength (RSS) and time-difference-of-arrival
(TDOA) measurements from the emitter at each localization
snapshot. For the estimator, Location on a Conic Axis
(LOCA) [10], [11] produces a candidate emitter location
from sensor subsets [12]. Aggregating subset estimates forms
a solution cloud which is filtered to remove outliers, and the
remaining distribution is summarized by a median emitter
estimate and a spherical error probable radius (SEP) [13],
providing an internal uncertainty metric without requiring
knowledge of the true emitter location.

The sensing model includes UAV self-position error, local
clock timing error, and range/SNR-dependent time-of-arrival
uncertainty. The dense multipath environment includes
mixed line-of-sight and non-line-of-sight contributions
modeled by [14]. During policy evaluation, a position-only
Kalman filter [15] refines the stationary emitter estimate
across repositioning snapshots.

III. CONTROLLER COMPARISON

The RL controllers are selected to span independent versus
centralized-training  decentralized execution (CTDE)
approaches and off-policy versus on-policy learning.
Centralized approaches are generally acceptable for multi-
agent problems [6] to further encourage system cooperation.
Further, on-policy approaches are typically used to improve
stationarity [7] in dynamic environments.

A Deep Q-Network (DQN) [16] is an independent, oft-
policy value-based method using replay and target networks.
Asynchronous Advantage Actor Critic (A3C) [17] is an
independent, on-policy actor-critic method using short policy
rollouts. Multi-agent Deep Deterministic Policy Gradient
(MADDPG) [18] uses decentralized actors trained with a
centralized critic over joint observations and actions. Multi-
agent Proximal Policy Optimization (MAPPO) [19] uses a
shared actor and centralized value function with PPO-style
updates over longer rollouts. Table 1 categorizes the RL
controllers based on their primary architectural elements.

In addition to the RL approach, we compare a non-learning
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Table 1: Reinforcement learning architecture summary.

Table 2: Model performance during policy evaluation.

Architecture Off-Policy On-Policy
Independent DON A3C
CTDE MADDPG MAPPO

controller that greedily selects the action that most reduces
the real-time SEP uncertainty metric (SEPG) [1]. Each
controller maintains the same observation states, including
normalized relative UAV geometry, per-agent RSS and
TDOA features, the current location estimate, and SEP. The
UAYV geometry control actions are 3-D displacements. The
system is rewarded based on uncertainty reduction, penalized
by the number of steps to localization convergence, and
during training, improvement in localization error.

IV. EXPERIMENTAL SIMULATION AND RESULTS

Experiments use eight identical UAV agents in a
Gymnasium-simulated [20] 3-D, 2 km dense multipath
volume. The RL policies follow standard implementations,
with hyperparameters tuned and optimized for this
localization scenario. Each policy is trained and evaluated for
1000 Monte Carlo episodes using the same sensing, motion,
and environmental error models [14], where initial UAV and
emitter locations are randomized for every episode. The
evaluation metrics are final localization error, error reduction,
repositioning steps to convergence, median movement
distance per UAV, and final SEP, summarized in Table 2.
Figure 1 compares the stepwise SEP reduction, error
reduction, and localization-error interquartile range (IQR) as
a measure of controller stability across episodes.

All controllers reduce SEP within the first several
repositioning steps, confirming that geometry control
improves localization relative to static sensing. SEPG reduces
uncertainty early but plateaus because it optimizes the
immediate SEP metric without planning through longer-term
geometry changes. MAPPO improves more slowly and
produces larger error IQR, suggesting that the longer on-
policy rollouts are less effective in this real-time, continuous

(a) SEP Radius (log) vs Step

(b) Median % Tocalization Error Reduction

Parameters SEPG DQN A3C MADDPG MAPPO
[Final error (m) 24 17 16 17 25
[Error reduction 38% 61% 61% 59% 34%
Steps to convergence 11 8 12 7 19
Distance moved (m) 349 312 316 431 850
Final SEP (m) 6 5 5 5 6

feedback geometry-control setting.

DQN, A3C, and MADDPG provide the strongest final
localization performance. A3C reaches the lowest final
median localization error but with a larger convergence step
count, consistent with steadier incremental policy updates.
MADDPG achieves low error with fewest steps, but requires
much longer distance moved by the UAVs. DQN provides
the best overall efficiency, with high error reduction in few
steps and shorter distance traveled.

These results indicate that cooperative RL can improve
UAV geometry for emitter localization, but centralized
training does not always provide the best tradeoff. In this
setting, the estimator provides a compact shared uncertainty
signal through the solution cloud and SEP metric. As a result,
independent policies can learn useful cooperative behavior
without requiring a centralized critic. The best practical
tradeoff is therefore not just final error, but must consider
system resources in convergence steps and movement cost.
Under these conditions, DQN gives the strongest efficiency,
A3C gives steady and stable improvement, and MADDPG
trades additional movement for faster convergence. Overall,
the comparison shows that learned geometry control provides
a measurable improvement over a policy-free controller for
cooperative RF emitter localization in dense multipath.
Further, the study concludes that the structure of the
localization problem matters for RL choice: when the
estimator provides frequent uncertainty feedback,
independent off-policy learning can be sufficient to produce
fast and efficient geometry adaptation.

(c) Interquartile Range vs Step
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Figure 1. a) Comparison of SEP radius convergence across different policies; b) relative improvement in localization
accuracy across repositioning steps; ¢) uncertainty in localization estimates across episodes.
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