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Abstract— This paper presents a prototype geometry-adaptive 

deep Q-network (DQN) for cooperative unmanned aerial 

vehicle localization of radio-frequency emitters in dense 

multipath environments. UAVs act as reconfigurable array 

elements and are repositioned by a reinforcement learning 

controller built on time-difference-of-arrival measurements, 

with rewards shaped by composite uncertainty reduction, signal 

strength, and trajectory efficiency. Monte Carlo simulations 

show the DQN reduces error by up to 60 % within fewer 

repositioning steps as compared to baseline cases. Digital twin 

evaluations in the Cyber Autonomy Range using Keysight 

EXata, that incorporates multipath, fading, and hardware 

inaccuracies, demonstrates rapid convergence in Rician fading 

and multipath conditions. These results demonstrate robust 

performance beyond idealized models and establish a 

foundation for scalable cooperative UAV-based emitter 

localization systems. 
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1. INTRODUCTION 

Accurate localization of unknown-location radio frequency 

(RF) emitters is critical for aerospace and defense missions, 

including search-and-rescue, spectrum monitoring, and 

electromagnetic spectrum operations (EMSO). Static sensor 

arrays suffer from limited coverage and degraded accuracy in 

cluttered RF environments where multipath propagation and 

synchronization errors dominate performance [1]-[7]. 

Cooperative unmanned aerial vehicle (UAV) systems (Figure 

1), offer an alternative by operating as mobile sensor arrays 

that can dynamically reconfigure their geometry to improve 

localization accuracy while maintaining acceptable 

operational standoff range [2], [4].  

In this work, we design and evaluate a prototype cooperative 

multi-agent reinforcement learning (MARL) framework that 

enables a swarm of UAVs to autonomously locate RF 

emitters whose positions are unknown in dense multipath 

environments. Each UAV functions as a geometry-

reconfigurable antenna array element, and a deep-Q network 

(DQN) [5] controller adapts the swarm geometry to improve 

time difference of arrival (TDOA) localization, achieving 

accuracy goals in very few consecutive measurements or 

“snapshots”.  

Building upon established time-based localization 

algorithms, such as multilateration, we exploit time 

difference of arrival (TDOA) measurements to estimate 

emitter position. Prior work established that the TDOA-based 

Location on a Conic Axis (LOCA) algorithm method [8], [9] 

can approach the Cramér-Rao lower bound (CRLB) under 

realistic bounded error conditions [1]. However, real 

deployments face multipath, atmospheric absorptions, and 

hardware inaccuracies that degrade performance, particularly 

in urban settings [3]. Adaptive repositioning mitigates these 

effects, and metrics such as received signal strength (RSS) 

convergence or centroid equidistant repositioning can be 

used to find improved geometries [4]. While effective in 

controlled settings, these objective-based approaches can 

plateau in suboptimal geometries and therefore often fail to 

generalize to complex environments. Reinforcement learning 

(RL) localization approaches such as DQNs [6] offer a 

policy-based alternative that can overcome these geometry 

limitations and intelligently guide the system towards 

improved geometries in degraded environments [7]-[12]. 

Moreover, adaptive array reconfiguration allows for 

improved localization performance in the elevation as well as 

in the azimuthal planes, improving the measurement fields-

of-view and yielding higher emitter location accuracies. In 

our architecture, a two-phase control strategy guides the 

swarm into a LOCA-optimized formation. First, a 2-D 

azimuthal-plane localization stage reduces the circular error 

probable (CEP) area, then elevation is refined through 3-D 

localization by leveraging array geometry diversity to 
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Figure 1. Representative block diagram for UAV-based emitter localization system. 

 

improve spherical error probable (SEP) position and volume 

[19]. This framework, implemented with column lattice 

formations and radius-threshold corrections, achieves a 

significant reduction in localization uncertainty relative to an  

operator-specified 3-D SEP goal, thereby enhancing mission 

effectiveness in cluttered RF terrains. 

A sequential extended Kalman filter (EKF) filters TDOA 

measurements at each timestep, refining current localization 

estimates and integrating prior estimates. Our training and 

verification process is configurable by number of drones in 

the UAV array swarm, allowing the DQN policy to scale to 

varying swarm sizes without hardware or software 

modifications. Using increasing swarm sizes, we are able to 

realize even lower localization error and earlier convergence 

[4], however, our current work evaluates a fixed swarm size. 

A robust digital twin of the swarm and environment, 

including multipath, weather effects, and hardware tolerances 

such UAV on-board positioning and clock jitter, validates our 

performance. Using the Southern Methodist University 

(SMU) Cyber Autonomy Range (CAR) facility [13], the 

system performance is evaluated with realistic digital twins 

of the external environment and the localization system. 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 standards. 

The system twin includes dominant sensor hardware error 

sources such as UAV local clock inaccuracies and UAV 

positioning drift. The environmental twin is implemented 

using Keysight’s EXata high fidelity urban environment 

within the CAR. With these realistic constraints, our 

functional evaluations confirm the system’s low localization 

error and SEP under degraded RF conditions, demonstrating 

its viability for aerospace and other applications.  

To our knowledge, this is the first RF emitter location system 

implemented within an autonomous UAV swarm exploiting 

dynamic spatial array diversity through customized 

reinforcement learning. Our composite DQN reward function 

balances current and future array geometry, current emitter 

location accuracy and uncertainty, and minimal UAV 

repositioning path length. This strategy provides rapid 

convergence to low localization error, typically within ten or 

fewer snapshots, each with a different array configuration. 

The contributions of this paper are threefold: 

(1) Geometry-aware DQN controller: A DQN with 

variance-aware state descriptors, adaptive action scaling, 

and hybrid reward shaping (SEP+geometry) enables 

robust operation under multipath and jitter, allowing the 

swarm to achieve target accuracy within only a few 

snapshots. 

(2) Comprehensive simulation evaluation: Monte Carlo 

trials show that the DQN achieves up to 75 % median 

SEP reduction in adverse conditions within 10 steps, 

outperforming baseline localization methods. 

(3) High-fidelity digital twin validation: Using Keysight 

EXata in the Cyber Autonomy Range, we validate the 

controller in a high-fidelity environment with multipath, 

weather effects, hardware inaccuracies and other error 

sources. Results confirm effective convergence relative 

to simulation. 

2. BACKGROUND AND RELATED WORKS 

Throughout this section and the remainder of the discussion, 

reference terms and notation are defined in the Appendix in 

Table 3. 

Cooperative UAVs for Emitter Localization 

Emitter localization using unmanned aerial vehicles and 

systems has been studied extensively due to its applications 

in surveillance, spectrum monitoring, and search-and-rescue 

[1]-[2], [6]-[7], [10]-[12] . Past approaches usually rely on 

single or multiple UAVs converging on the RSS of an RF or 

other signal type [14]-[15], or multi-UAV multilateration or 

angle-of-arrival techniques [16]-[17], but accuracy is highly 

sensitive to ill-formed geometry that limits operational fields 

of view resulting in degraded TDOA techniques and 

measurements that are sensitive to environmental multipath 

effects [18].  

UAVs equipped with sensing antennas can form a 

cooperative wireless sensor array through ad hoc networking. 

Unlike static arrays, UAV arrays have the ability to 

dynamically adjust their geometry to improve line-of-sight 

(LoS) coverage and reduce multipath errors [4]. 

Time-Based Localization Algorithms 

For a sensor at position 𝑠𝑖 = (𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖) and emitter 𝚬 =
(𝑥𝑒 , 𝑦𝑒 , 𝑧𝑒), the emitter signal time of arrival (TOA) is  

 𝑡𝑖 =
‖𝚬−𝑠𝑖‖

𝑐
+ 𝜀𝑡,𝑖, (1) 
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with 𝑐 as propagation speed and 𝜀𝑡 as timing error.  

The TDOA between sensors 𝑖 and 𝑗 is Δ𝑡𝑖𝑗 = 𝑡𝑖 − 𝑡𝑗, that 

defines a hyperboloid of possible emitter locations. LOCA 

[8]-[9] is an RF emitter geolocation approach using 

distributed sensors [1], [4] where the TDOA of a signal 

among sensor triads form conic axes coincident with the 

emitter’s location and can be applied in 2-D or 3-D cases. 

Computing the intersection of the conic axes finds the emitter 

location, as visualized in Figure 2. Sensor triads are chosen 

by any combination of three sensors in the array, and in 3-D 

the geolocation method can function with as few as 

four UAVs per swarm. The use of additional sensors leads to 

an increasing number of geolocation estimates; however, 

using swarms larger than eight UAVs provides diminishing 

improvement in terms of emitter location convergence rate 

[1], [4]. 

Aggregating across these sets of sensor triads forms a 

solution cloud,  

 Λ = {𝜆𝑚}𝑚=1
𝑀 ⊂ ℝ3  (2) 

that we robustly filter based on the interquartile range (IQR) 

of the solution set to obtain an emitter location estimate 𝛦̂ 

using the filtered results.  

The quality of the localization estimate can be expressed in 

terms of spherical error probable (𝑆𝐸𝑃50) [19], where the 

radius defines a spatial region such that the true location, 𝚬, 

is present with probability 0.50: 

 𝑆𝐸𝑃50 = 𝑞0.5{‖𝜆𝑚 − 𝛦̂‖}. (3) 

Error Sources 

As impacts to localization performance, we consider 

hardware inaccuracies such as UAV positional drift and clock 

jitter. Realistic error values are used by assuming that each 

UAV is equipped with on-board LiDAR for self-positioning 

correction and a chip-scale atomic clock (CSAC) as a local 

time source [1]. We account for multipath scattering and 

 

Figure 2. Intersection of two conic major axes at emitter 

location found by LOCA algorithm. 

fading by using Rician and Rayleigh propagation models to 

incorporate atmospheric effects that attenuate the signal and 

contribute to path delays. Additionally, the EXata 

environment also includes various atmospheric weather 

models and all of these model aspects contribute to sensor 

and clock offsets that impact UAV localization operation 

[20]. These various error sources affect sensor-to-emitter 

range, are height-dependent, and vary according to the 

physical clutter of the surrounding environment with typical 

performance impacts as stochastically characterized in [21]. 

In consideration of these sources, we generated appropriate 

error models with parameters as summarized in Table 1. For 

multipath delay spread impacts [21], we assume a 50 % mix 

of line of sight (LoS) and non-LoS conditions [20].  

Measurement Fusion and Sequential Estimation 

The cloud Λ from Equation (2) is combined with sensor jitter 

variance (known) and multipath variance (estimated) weights 

from Table 1 to yield a set (𝑧𝑘, Σ𝑧), that represents the system 

measurement 𝑧𝑘 and the measurement covariance Σ𝑧 = 𝑃𝑘 

[22]. This approach enables evaluation of a “variance-fused” 

estimate in terms of the sensor 𝑖 covariance: 

Sensor variances: 𝜎𝑖
2 = 𝜎𝑒𝑛𝑣

2 (𝛦̂, 𝑖) + 𝜎ℎ𝑤
2 (𝑖)  

weights: 𝜔𝑞 ∝ (Σ𝑖𝑎𝑖(𝛦̂, 𝜆𝑞)𝜎𝑖
2)

−1
  

𝑧𝑘 =
∑ 𝜔𝑞𝜆𝑞𝑞

∑ 𝜔𝑞𝑞
, Σ𝑧 =

∑ 𝜔𝑞(𝜆𝑞−𝑧𝑘)(𝜆𝑞−𝑧𝑘)𝑞
𝑇

∑ 𝜔𝑞𝑞
. (4) 

To track sequential emitter location estimates and stabilize 

the geometries against sensor jitter, we apply a position-only 

Kalman filter (KF) [23], gated by normalized innovation 

squared (NIS). A KF is a common statistical method to 

reduce measurement fluctuations and fuse noisy 

measurements. Our use of an extended KF (EKF) utilizes a 

nonlinear measurement model of the emitter state, as outlined 

below:  

 

1) Define the process model as a random walk:  

- 𝑥𝑘+1 = 𝑥𝑘 + 𝑤𝑘 , 𝑤𝑘~𝒩(0, 𝑄) with 𝑄 = 10−2𝐼3 
2) Define measurement model:  

- 𝑧𝑘 = 𝑥𝑘 + 𝑣𝑘,  𝑣𝑘~𝒩(0, 𝑅𝑘) with 𝑅𝑘 = Σ𝑧 

3) Predict:  

- State: 𝑥𝑘|𝑘−1 = 𝑥𝑘−1|𝑘−1, 

- Covariance: 𝑃𝑘|𝑘−1 = 𝑃𝑘−1|𝑘−1 + 𝑄 

4) Determine innovation, gate EKF with NIS: 

- Residual: 𝑣𝑘 = 𝑧𝑘 − 𝑥𝑘|𝑘−1, 

- Innovation covariance: 𝑆𝑘 = 𝑃𝑘|𝑘−1 + 𝑅𝑘 

Table 1. 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) 

Time of arrival error (ns) 𝜀𝑡,𝑖 = 𝜀𝑚 + 𝜀𝑐 

Scattering loss (dB)  𝜀𝑃 =  𝒩(3,5) 
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- If: 𝑣𝑘
𝑇𝑆𝑘

−1𝑣𝑘 ≤ NIS gate: {

𝐾𝑘 = 𝑃𝑘|𝑘−1𝑆𝑘
−1 

𝑥𝑘|𝑘 = 𝑥𝑘|𝑘−1 + 𝐾𝑘𝑣𝑘

𝑃𝑘|𝑘 = (𝐼 − 𝐾𝑘)𝑃𝑘|𝑘−1

 

- Else: 𝑥𝑘|𝑘 = 𝑥𝑘|𝑘−1,  𝑃𝑘|𝑘 = 𝑃𝑘|𝑘−1 

5) Set 𝐸̅𝑘 = 𝑥𝑘|𝑘,    𝑃 = 𝑃𝑘|𝑘 

Reinforcement Learning for Geometry Control 

While filtering provides robustness against stochastic errors, 

the overall geometry still plays a dominant role in reducing 

SEP. To dynamically adapt the array geometry, 

reinforcement learning has emerged as an alternative to 

repositioning approaches that only rely on real-time system 

measurements. Specifically, value-based learners such as Q-

Learning and DQN [5], [14] have been used for trajectory 

planning. These methods optimize state-action value 

assignment through a neural network while encoding high-

level feature combinations into the network. Reference [10] 

applied Q-learning for UAV-based illegal station localization 

in simplified environments, showing the potential of RL to 

outperform traditionally static, ground-based measurement 

approaches. RL approaches have been studied for many UAV 

trajectory planning [7], mapping [6], and localization tasks 

[12] and have been extended to cooperative arrays of UAV in 

the multi-agent Q-Learning (MQL) case [11].  

Many approaches use the RSS of the emitter at the UAV and 

optimize the UAV trajectory towards physical convergence 

on the emitter by rewarding increased RSS values[6] [11]. 

This approach has been shown to outperform non-RL RSS-

based methods [10]. However, this approach requires the 

environment to allow direct convergence, which may be 

infeasible in geography-constrained scenarios (for example, 

no-fly zones, hazardous areas, or obstacles). Additionally, 

RSS-only convergence can lead to degenerate array 

geometries that degrade TDOA performance and increase 

localization error [22]. Beyond the limitations of RSS-only 

methods, other MQL approaches incorporate multilateration 

for localization [11] and promote cooperative actions, such as 

trajectory decisions, in a shared state and action space to 

maximize the reward. These studies and similar non-RL 

approaches [15] form a framework promoting an optimized 

geometry for localization, but many methods use pre-

determined information [16] and they would generally not be 

suited for dynamic environments.  

In this work we extend prior studies by introducing a DQN-

based controller for dynamically adaptive swarm geometry 

reconfiguration, integrating LOCA-based TDOA fusion 

metrics directly into the learning process. We compare our 

DQN method to a geometry-heuristic based (non-RL) 

approach [4] that continuously repositions the UAV array to 

geometries that improve SEP. This prior approach was able 

to demonstrate, at best, a 75 % reduction in SEP volume and 

50 % reduction in localization error after 25 steps of 

repositioning, achieving an average localization error of 

16 m. Using the heuristic approach as a baseline, we first 

evaluate whether applying the DQN RL method to the 

geometry controller can achieve greater performance 

improvement in fewer repositioning steps. Further, we 

validate system performance in a high-fidelity digital twin 

environment inclusive of a variety of error sources. We 

demonstrate RL-based geometry adaptation with physics-

based EXata validation, bridging the gap between theoretical 

feasibility and operational viability. 

EXata  

EXata is a network modeling software application [24] 

designed to generate digital twins of real-world network 

topologies under a variety of conditions such as terrain and 

weather effects. These digital twins are capable of running 

real time, modeling the environment as data moves across the 

network stack with high fidelity, with the ability to respond 

to control messages near identically to a real network. Using 

this tool, one can simulate a variety of network protocols 

running across multiple devices and receive real time 

statistics on the behavior of devices and data in the network. 

The EXata engine is capable of interactions with external live 

applications for the analysis of this data. For this study, the 

primary value of EXata is its robust modeling of wireless 

network topology, such that multipath impacts to signal 

strength and path delay are superior to the error models we 

include in our simulation. Therefore, we use EXata for 

verification analysis through a digital twin of our system 

versus performing flight trials that are costly, time-

consuming, and introduce risks to prototype hardware. 

3. ARCHITECTURE 

Each UAV functions as a mobile array element with 

omnidirectional sensing of emitter signals. Although we can 

use a variety of RF transmitter frequencies in our digital twin 

environment, the results described here use 5 GHz. At each 

measurement snapshot or step, UAVs 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 message frames. A controller UAV 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 

controller determines a new geometry based on the metrics 

from the localization result. Because 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 UAVs travel across a localization episode. 

These metrics serve as operationally-relevant performance 

parameters providing a measure of system effectiveness in its 

ability to accurately, rapidly, and efficiently localize an 

unknown-location emitter. 
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Localization Estimation  

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 , Σ𝑧). As 

described in Section 2, we apply to the variance-fused 

measurements a position-only EKF [23] with a NIS gate of 

16.3 (~95 % in 3-D). During training the EKF is disabled so 

agents learn directly from noisy estimates, while during 

evaluation the use of the EKF reduces jitter to accelerate 

convergence. 

Deep Q-Network 

The DQN controller UAV receives normalized geometry 

descriptors, per agent features, and compact statistics, 

utilizing two fully-connected layers with dropout 

regularization and an experience replay buffer [5]. Actions 

are 3-D displacements, scaled adaptively by current 𝑆𝐸𝑃50 

radius to ensure stability across mission phases. The reward 

function combines localization improvements, geometry 

formation, and a path penalty to shape the policy towards a 

pseudo-optimal geometry. 

At each repositioning step 𝑘, each UAV determines a state 

vector 

 𝜙𝑘 = [
𝑠̂𝑖−𝑥̅𝑘

‖𝑠̂𝑖−𝑥̅𝑘‖
, 𝑅𝑆𝑆̂𝑖 , Δ𝑡̂𝑖,𝑗 , 𝑃, 𝑆𝐸𝑃50] (5) 

including inter-UAV distances and relative emitter estimate 

offsets, 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-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: 

 𝑎𝑖
𝑘 = 𝜂𝛿̂𝑖 ∈ ℝ3 (6) 

where 𝛿̂𝑖 =
𝑠̂𝑖−𝐸𝑘

‖𝑠̂𝑖−𝐸𝑘‖
 is a normalized UAV-emitter 

displacement direction, and 𝜂 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 [25]:  

 𝑎𝑖
𝑘 = {

𝑎𝑖,greedy
𝑘 probability 1 − 𝜖𝑘

𝑎𝑖,random
𝑘 probability 𝜖𝑘

. (7) 

With probability 1 − 𝜖𝑘, each agent executes the bounded 

displacement action 𝑎𝑖
𝑘, and with probability 𝜖𝑘, each agent 

executes a random bounded displacement. 𝜖𝑘 decays 

throughout the training process to guarantee exploration and 

escape poor local geometries while later converging to 

geometry-improving moves. In evaluation, we set 𝜖𝑘 = 0 to 

ensure a pure greedy action selection. 

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 promote, or encourage, an array geometry in a ring-like 

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 convergence efficiency: 

  𝑟𝑘 = 𝛼Δ𝑆𝐸𝑃50 + 𝛽Δ‖𝐄 − 𝐸̅𝑘‖ + γ𝛿̂𝑖 − 𝜅 (8) 

where 𝛼, 𝛽, 𝛾 are tuned weights, 𝜅 > 0 is a per-step penalty, 

and 𝛽 > 0 only during model training. The geometry shape 

reward encourages the UAVs to form an equidistant shape 

lattice around the emitter, similar to the best-performing 

heuristic approach identified in [4]. 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 1, using the parameters defined in Appendix 

Table 3. 

 

Algorithm 1. Emitter localization with UAV geometry control 

Initialize: UAV starts {𝑠𝑖
0}

𝑖=1

𝑁
; unknown emitter 𝐄 ∈ ℝ3.  

Set 𝑘 ← 0, SEP goal 𝜍𝑆𝐸𝑃, EKF 𝑥0|0 = 𝑧0,  𝑃0|0 = 106𝐼3  

Repeat (per step 𝑘): 

1: Compute noisy sensing: draw Δ𝑡𝑖𝑗, 𝑅𝑆𝑆𝑖 from 𝐄, then 

𝑠̂𝑖 = 𝑠𝑖
𝑘 + 𝜀𝑈,𝑖, Δ𝑡̂𝑖,𝑗 = Δ𝑡𝑖,𝑗 + 𝜀𝑡,𝑖𝑗 ,     𝑅𝑆𝑆̂𝑖 = 𝑅𝑆𝑆𝑖 + 𝜀𝑃,𝑖  

2: Perform 2-D or 3-D LOCA cloud estimation (2) and prune 

outliers outside 50 % interquartile region. 

3: Determine cloud statistics (3). 

4: Perform variance-aware fusion (4) to generate (𝑧𝑘 , Σ𝑧) 

5: Perform position-only EKF:  

i: 𝑖𝑓 training, skip EKF:  𝐸̅𝑘 = 𝑧𝑘,  𝑃 = Σ𝑧 

ii: 𝑒𝑙𝑠𝑒 evaluation, perform EKF:  set 𝐸̅𝑘 = 𝑥𝑘|𝑘,  𝑃 = 𝑃𝑘|𝑘 

6: RL Control:  

i: Generate state (5) 

ii: Determine bounded action (6)-(7) and apply elevation diversity 

iii: Compute reward (8) 

iv: Update policy 

7: Advance to next geometry (𝑠𝑖
𝑘+1 = 𝑠𝑖

𝑘 + 𝑎𝑖
𝑘) and continue 

8: Stop: 𝑆𝐸𝑃50 ≤ 𝜍𝑆𝐸𝑃 or plateau 

Return: 𝐸̅𝑘, covariance 𝑃, 𝑆𝐸𝑃50, total steps, total distance traveled. 
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4. SIMULATION AND DIGITAL TWIN 

VERIFICATION APPROACH  

Simulation Environment 

The system was simulated using the Actor-Environment 

Cycle Environment class of PettingZoo in Python which was 

developed to simulate multi-agent environments with an 

observation space defined by Box from Gym [26]. We 

conducted 1000 Monte Carlo runs over a 

4000 m×4000 m×500 m urban volume populated with 

Rayleigh-distributed scatterers following ITU-R P.1411 

recommendations [21]. Emitters broadcasting a 5 GHz signal 

were randomly placed within the environment. An eight-

element UAV swarm is deployed with randomized initial 

positions.  

UAVs are modeled as independently mobile systems with 

omnidirectional antennas 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 variance values selected to 

replicate realistic hardware tolerances. Multipath scattering 

and fading is modeled in accordance with ITU-R P.1411 [21]. 

Since these values are frequency and elevation-dependent 

and are stochastically specified, we consider a 5 GHz 

operating frequency with UAVs 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 [4] and 

are detailed in Table 1.  

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 5 m 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. 

EXata Digital Twin Environment Setup 

The EXata network simulator is integrated with the SMU 

CAR [13] to create a digital twin of both the UAV 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 5 GHz; atmospheric absorption by oxygen and water 

vapor following ITU-R P.676 [27]. 

(3) Hardware errors: UAV hover drift modeled as Gaussian-

distributed errors (𝜀𝑝 = 2 cm); clock jitter drawn from 

Gaussian distributions with 𝜀𝑡 = 10 ns. 

(4) Kinematics: UAV motion followed gravity field 

dynamics with wind perturbations. 

At each snapshot, UAVs collect TDOA and RSS 

measurements generated by EXata’s physical-layer accurate 

RF models and store 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 UAV based on the trained 

policy. Updated positions are then re-injected into EXata for 

the next iteration. This process allows for a hardware-in-the-

loop ready framework for use in the future to evaluate how 

the same policy would be executed on real UAVs. 

Using EXata, we evaluated two scenarios: (i) a Rician-faded 

urban multipath environment, and (ii) the same environment 

under degraded weather conditions. These two scenarios used 

the same set of 200 randomized emitter/UAV initializations 

and UAV system on-board positioning and clock error 

conditions. Results were compared with DQN simulations 

utilizing the same initial geometries and comparable 

multipath conditions. 

5. RESULTS 

Evaluation Metrics 

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.  

Simulation Results 

Using the policy developed in the RL training in Section 3, 

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 Figure 3, the starting 

𝑆𝐸𝑃50 and localization error was ~80 m. 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 localization 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 [4]. However, considering the large standard 

deviation for the system error, the performance bounds are 

weighted by some outliers provided in the distributions 

shown in Figure 4 and Figure 5. Here, 𝑆𝐸𝑃50 most often 

reached a minimum of ~3 m with ~5.4 m localization 

accuracy. In the DQN simulation, this accuracy required 15-

25 repositioning steps where each UAV in the system 

explored around 200 m to find the optimal geometry.  
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Figure 3. Localization error and SEP per repositioning step 

demonstrates convergence in dense multipath conditions. 

 

 

Figure 4. Localization metrics and median performance at 

convergence on emitter for 1000 DQN episodes, SEP radius 

(m) and localization error (m), show low median error and 

SEP for majority of evaluation episodes. 

 

 

Figure 5. Repositioning metrics for 1000 DQN episodes 

show distance traveled by UAV system (m) and number of 

repositioning steps, with convergence in approximately 

20 steps, traveling 200 m per UAV. 

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 1) that inject noise and 

multipath contributors across trials, but these models do not 

fully represent all spatial conditions, especially as the UAVs 

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. 

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 Rician 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 1 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 2, showing the DQN with more stable 

performance in the EXata environment, requiring fewer 

repositioning 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 robustness of the approach in a 

variety of weather conditions. 

Full metrics are further explored in Figure 6-Figure 9. 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 2. 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 % reduction in error 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 6. 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. 

  

 

Figure 7. 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 8. 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. 

 

 

Figure 9. Histogram and median comparison of distance 

traveled by UAV system between simulation and EXata 

shows distance traveled was much lower in Python 

simulation for similar convergence metrics. 

To consider the general performance of the system, in Figure 

7-Figure 9 we overlay histograms of the primary metrics 

between the DQN Python simulation with the DQN EXata 

Rician scenario. In Figure 7, 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 Figure 8, 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 

Figure 9 we observe the overall distance traveled in the EXata 

trials for the system is greater than that of the Python 

simulations.  

Figure 10 shows a 2-D visualization of one representative 

EXata trial. Two agents make 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 UAVs converge on the emitter. When the 

UAVs 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 
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Figure 10. Visualization of EXata trial shows path strategy for localization convergence. 

 

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 Figure 10 follows an immediate 50 m 

drop in error after the first repositioning step. This indicates 

that the UAV 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.  

6. CONCLUSION AND SUMMARY 

We presented a DQN-based cooperative UAV localization 

framework validated in both Python-based simulations and 

digital twin evaluations. In the initial simulations, the DQN 

achieved significant error reduction, and demonstrated 

further robustness in the more realistic EXata trials. With 

each intelligent repositioning step, the system improves its 

emitter localization 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, confirming 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.  

Future work will pursue policy shaping for scalability to N-

UAVs. In addition, the evaluated hardware will extend to 

directional antennas, with a straightforward incorporation of 

realistic antenna patterns into EXata. Further, we will expand 

the emitter dynamics to both nonstationary emitters and 

multiple emitter localization in contested RF environments.  

APPENDIX 

Table 3. Algorithm terms and parameters. 

Term Parameter 

𝑠𝑖 = (𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖) UAV location 

𝐸̂ = (𝑥̂𝑒 , 𝑦̂𝑒 , 𝑧̂𝑒) Emitter location estimate 

Δ𝑡𝑖𝑗 
Time difference of arrival of emitter 

signal to sensors  

𝑐 Signal propagation speed 

𝑑𝑖 
Euclidean distance of sensor to 

system origin 

Λ = {𝜆𝑚}𝑚=1
𝑀  Cloud of LOCA solutions 𝜆𝑚 

𝑆𝐸𝑃50

= 𝑞0.5{‖𝜆𝑚 − 𝐸̂‖} 

Spherical error probable of LOCA 

solution to emitter location estimate 

𝜎𝑡,𝑖
2 =

3𝑅𝑖
2

4𝜋2𝑓𝑇𝑠𝐵2𝑟0
2𝑆𝑁𝑅0

 Sensor range dependent variance 

𝑓 Operating frequency 

𝑅𝑖 Emitter-sensor range 

𝑇𝑠 Sensor integration time 

𝐵 Sensor bandwidth 

𝑟0 Minimum sensor operational range  

𝑆𝑁𝑅0 
Sensor minimum signal to noise 

ratio 

𝑃 State error covariance 

𝑧𝑘 Weighted-fused LOCA position 

Σ𝑧 Measurement covariance of 𝑧𝑘 

𝜔𝑞  Variance-aware cloud weights 

𝑤𝑘 , 𝑣𝑘 
EKF process and measurement 

noise 
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