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Abstract – Accurate and traceable drone position-
ing is crucial for autonomous aerial navigation, es-
pecially in GNSS-denied environments. Traditional
approaches using Ultra-Wideband (UWB) sensors or
Kalman Filters (KF) struggle with multipath interfer-
ence, non-line-of-sight, and environmental uncertain-
ties, and are often limited to Linux-based Application
Programming Interfaces (APIs). This work presents
an innovative framework based on: a novel modu-
lar Windows-based API for real-time drone position-
ing, the integration of Kalman filter for optimal multi-
sensor data fusion and trajectory smoothing, AI-driven
residual learning to correct systematic estimation er-
rors, and metrology-compliant uncertainty modeling.
The system enables real-time swarm deployment and
pose-aware feedback using an auxiliary vision based
positiong system (OptiTrack) and UWB data. A feed-
forward neural network compensates for residual er-
rors in Kalman-filtered trajectories, while Monte Carlo
simulations establish traceable 95% confidence inter-
vals. Experimental tests show that the proposed frame-
work reduces RMSE by over 40% across axes, with
strong regression accuracy greater than 94%.

I. INTRODUCTION
Accurate drone positioning is essential for autonomous

navigation, industrial inspection, swarm coordination, and
environmental monitoring. While GPS-based methods are
widely used, their effectiveness declines in cluttered or
indoor environments. Ultra-Wideband (UWB) technol-
ogy provides high temporal resolution and robustness to
multipath interference, making it suitable for such set-
tings [1, 2, 3]. However, UWB systems may still experi-
ence performance degradation in non-line-of-sight (NLoS)
conditions and are sensitive to calibration biases, leading
to trajectory distortions and time-varying errors [4, 19, 6].

Probabilistic filtering approaches such as the Kalman
Filter (KF) and its nonlinear extensions (EKF, UKF) are
often applied to mitigate these issues through multi-sensor

data fusion [7, 8]. Yet, their accuracy can be limited by
Gaussian noise and linearity assumptions that are not al-
ways met in real-world scenarios [9, 8]. Recent work lever-
ages Artificial Neural Networks (ANNs) to model and cor-
rect complex error patterns in UWB-based positioning, us-
ing metrological ground truth from systems such as Op-
tiTrack [10, 19, 11]. Embedding metrological principles,
bias quantification, and uncertainty modeling has further
advanced measurement accuracy and reliability [8, 19, 3].

For drone swarms, real-time synchronization and scal-
able multi-agent fusion are crucial. Modular APIs support
decentralized UWB-OptiTrack integration and enable ro-
bust swarm operations [11, 12]. Sensor fusion strategiesâ-
combining UWB, IMU, and barometric data with AI mod-
els such as multilayer perceptrons offer resilience against
sensor drift and dynamic conditions [9, 13]. However, a
fully integrated, standards-oriented framework for filter-
ing, AI correction, and metrological uncertainty remains
lacking.

This work introduces a unified, modular positioning
framework that combines Kalman filtering, ANN-based
residual correction, and rigorous metrological uncertainty
modeling for traceable, real-time positioning of both indi-
vidual drones and swarms. UWB and OptiTrack data are
fused via ANNs and Monte Carlo-based assessment. The
remainder of this paper is structured as follows: Section ii.
presents the methodology, Section iii. reports experimen-
tal results, and Section iv. discusses conclusions and future
work.

II. DRONE TRAJECTORY REFINEMENT AND API
INTEGRATION

It is proposed a robust framework that integrates Op-
tiTrack (OT) motion capture [15] and Ultra Wideband
(UWB) modules for accurate drone trajectory estimation
and benchmarking via a modular, decentralized API. The
pipeline consists of intelligent data acquisition, Kalman-
filtered state estimation, uncertainty quantification, AI-
based residual learning, and ensemble fusion. Fig. 1 out-
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Fig. 1. Block scheme of the proposed framework for drone
trajectory refinement.

lines the complete process.
The Intelligent Data Acquisition System (iDAS) mod-

ule is used to synchronize and record positional data
from Crazyflie drones [16] with both UWB and Op-
tiTrack sensors. Real-time data streaming is enabled
through a MATLAB-based API, interfacing with the Nat-
Net SDK [17] and UWB radio modules [18].

A. Kalman Filter for Position Estimation
To fuse noisy measurements from multiple sources,

a linear Kalman Filter (KF) is used with the standard
discrete-time state-space model:

xk = Axk→1 + Buk→1 + wk→1, (1)

zk = Hxk + vk, (2)

where xk is the 6-DOF state vector defined as xk =

[xk, yk, zk, ẋk, ẏk, żk]
↑ → R

6, representing the three-
dimensional position and velocity components (posi-
tions and speeds in R

3). The control input uk→1 =

[ux, uy, uz]
↑ → R

3 typically denotes commanded accel-
erations or velocity increments. The state transition ma-
trix A → R

6↓6 and control input matrix B → R
6↓3 are

structured for a constant-velocity motion model, while the
measurement matrix H → R

3↓6 extracts the position com-
ponents from the state vector. The process noise wk→1 ↑
N (0, Q) and measurement noise vk ↑ N (0, R) are as-
sumed to be zero-mean, mutually uncorrelated Gaussian
random vectors, with covariances Q and R, respectively.
The matrix sizes are: xk → R

6, uk→1 → R
3, A → R

6↓6,
B → R

6↓3, zk → R
3, and H → R

3↓6.

wk→1 → N (0,Q), vk → N (0,R), E
[
wk→1v

↑
j

]
= 0 ↑k, j.

(3)

B. AI-Based Refinement, Anomaly Detection, and Fusion
Benchmarking

Residual errors from Kalman-filtered trajectories are
adaptively corrected using a feed-forward neural network
that models the residual as

ek = x̂
KF

k
↓ x

GT

k
, êk = Fω(zk), (4)

with the refined estimate given by

x
ref

k
= x̂

KF

k
↓ êk. (5)

To further enhance robustness, time-aware profiling is con-
ducted by computing velocity and acceleration,

vk =
xk ↓ xk→1

!t
, ak =

vk ↓ vk→1

!t
, (6)

and applying z-score-based outlier rejection (|z| > 3) to
eliminate noisy or delayed measurements. Refined posi-
tion estimates from UWB and OptiTrack (OT) are then
fused via weighted averaging,

xf = wUWB · xUWB + wOT · xOT , (7)

followed by an ensemble mean fusion to yield the final tra-
jectory:

xfinal =
1

M

M∑

i=1

x
(ref)
i

. (8)

Here, xfinal denotes the final fused trajectory estimate,
M is the total number of estimation models or fusion
sources, and x

(ref)
i

represents the i-th refined trajectory
estimate contributed by each model or fusion branch. Per-
formance is validated using Root Mean Squared Error
(RMSE), Standard Deviation (SD), and 95% confidence
coverage, ensuring the methodology provides traceable,
adaptive, and high-fidelity trajectory estimation through
heterogeneous sensing and metrologically rigorous fusion.

Algorithm 1 Unified Framework for Trajectory Refine-
ment and Swarm Execution
Require: Drone set D, OptiTrack and UWB modules,

model parameters
1: Initialize: Synchronize clocks; activate sensor

streams; assign unique IDs for d → D
2: Register pose acquisition callbacks and prepare log-

ging
3: Synchronize: Wait for all drones to reach ready state
4: while mission is active do
5: for all drone d → D (in parallel) do
6: Obtain sensor measurements z(d)

k
(UWB, OT)

7: State Estimation: Fuse via Kalman filter
(Eqs. 1–2)

8: Uncertainty Quantification: Monte Carlo + CI
(Eqs. 3–4)

9: Outlier Removal: Velocity/acceleration profile,
z-score threshold

10: Residual Correction: AI-based learning (Eq. 5)
11: Multi-Sensor Fusion: Weighted average (Eq. 6),

ensemble mean (Eq. 7)
12: Issue control setpoints; log data for validation
13: end for
14: end while
15: Finalize: Stop logging; disconnect; evaluate RMSE,

SD, CI coverage =0
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III. RESULTS AND DISCUSSION
The proposed framework was experimentally validated

for drone trajectory estimation using UWB and OptiTrack
systems, with further refinement via artificial neural net-
works (ANNs). The following analysis presents quantita-
tive and visual results, including error metrics, uncertainty
quantification, and ANN-based correction, to assess posi-
tioning fidelity and system robustness.

A. UWB and OptiTrack-Based Trajectory Evaluation
Figure 2 illustrates the Crazyflieâs UWB-based trajec-

tory across X, Y, and Z axes, revealing minor noise and Y-
axis drift, as well as step changes in altitude. Despite these
variances, the overall movement trend is captured well,
supporting the operational viability of the UWB-based es-
timator. Figure 3 presents the OptiTrack-estimated trajec-
tory in X, Y, and Z, exhibiting smooth and continuous po-
sition traces with well-defined altitude steps and stable lat-
eral motion. This reflects the systemâs stable tracking and
strong temporal consistency throughout the experiment.

B. Error Characterization Between UWB and OT
Figure 4 presents the positional error (OT - CF) along all

three axes. The X-axis shows moderate error oscillations
peaking at ±0.2 m, while the Y-axis reveals a pronounced
negative bias of approximately -0.35 m, suggesting consis-
tent underestimation by the UWB system. The Z-axis er-
ror remains within ±0.05 m, highlighting better alignment
during vertical maneuvers.

Figure 5 overlays OT and CF trajectories, clearly con-
trasting the precise OT path with the slightly lagging UWB
estimates. This overlay further substantiates the systematic
deviation in the Y-axis and confirms the capacity for cor-
rection via residual learning. Figure 6 displays a 3D tra-
jectory overlay, where the CF (dashed red) and OT (solid
blue) paths are juxtaposed. Discrepancies are particularly
evident in lateral movements, highlighting the need for

Fig. 2. UWB Based Crazyflie Estimated Trajectories

Fig. 3. OptiTrack Estimated Trajectories

trajectory correction to reduce spatial offset and maintain
consistent spatial alignment.

C. Statistical Error Distribution and Uncertainty Esti-
mation

Figure 7 offers histograms of the positional errors. The
X-axis error is centered around 0.025 m, whereas the Y-
axis exhibits a negatively skewed distribution peaking at
-0.35 m, consistent with prior observations. Z-axis errors
remain narrowly centered, indicating relatively accurate
height estimation by the UWB module. Figure 8 demon-
strates the outcome of a Monte Carlo-based uncertainty
quantification, wherein 1000 random trials computed the
standard deviation of error vectors. The mean uncertainties
are approximately 0.045 m (X), 0.065 m (Y), and 0.012
m (Z). The Y-axis again shows the largest variability, re-
inforcing its susceptibility to error due to lateral drift or
antenna positioning misalignment.

Fig. 4. OT - CF Positional Errors in X, Y, Z Dimensions
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Fig. 5. Overlay of OT vs. CF Trajectory Estimations

Fig. 6. 3D Trajectory Overlay of UWB and OptiTrack Es-
timations

D. AI-Based Residual Learning for Estimation Refine-
ment

Figure 9 introduces the AI-enhanced refinement using a
shallow ANN, where the green line shows the corrected CF
estimates. The ANN-learned residuals successfully align
the CF trajectory with the OT ground truth across all axes.
The Y-axis correction is especially notable, reducing the
systematic bias and enhancing fidelity.

E. ANN Training Performance and Regression Validation
Figure 10 shows the mean squared error (MSE) curves

for training, validation, and test sets over 122 epochs, with
the minimum validation MSE (0.0053) attained at epoch
116, reflecting strong convergence and negligible overfit-
ting. The log-scale Y-axis highlights a two-order magni-
tude error reduction, evidencing the effectiveness of the

Fig. 7. Error Histogram Distribution Between OT and CF

Fig. 8. Monte Carlo-Based Positional Uncertainty Quan-
tification

shallow ANN for residual learning. Following the ap-
proach in [19], the network employs three fully connected
layers with ReLU activations and a linear output to trans-
form the three-dimensional residual input into a corrected
[x, y, z] position. Figure 11 illustrates the internal train-
ing dynamics, where the gradient plot confirms stable op-
timization, and the adaptive µ plot demonstrates efficient
convergence via the Levenberg-Marquardt algorithm. The
early stopping criterion, triggered after six consecutive val-
idation check failures, effectively prevents overfitting.

Figure 12 plots the distribution of residual errors (Tar-
get - Output) for training, validation, and test sets. The
concentration of errors around zero suggests the model
effectively learned the mapping from UWB positions to
correction residuals. No significant bias or skew is ob-
served, indicating balanced learning across all splits. Fig-
ure 13 displays correlation plots between predicted resid-
uals and ground truth across training (R = 0.947), val-
idation (R = 0.933), test (R = 0.943), and aggregated
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datasets (R = 0.945), where R is the Pearson correla-
tion coefficient. The consistently high R-values and close
alignment along the diagonal confirm the ANN robust gen-
eralization and predictive performance.

The proposed methodology outperforms the one without
the refinement across all metrics, including RMSE, MAE
and CI coverage (Table 1). The proposed AI-driven frame-
work achieves over 56% reduction in Y-axis RMSE and
tighter 95% confidence intervals, underscoring enhanced
positional accuracy. These results substantiate the effec-
tiveness of combining metrological validation with AI-
based correction for robust, high-precision swarm localiza-
tion, establishing the MATLAB API as a practical tool for
traceable positioning in metrology-driven and multi-agent
systems.

Table 1. Comparison of Positional Accuracy Metrics Be-
fore and After AI Refinement

Axis Before Refinement (KF) After Refinement (KF + AI)
RMSE
(m)

MAE
(m)

CI95
(m)

RMSE
(m)

MAE
(m)

CI95
(m)

X 0.0462 0.0364 ±0.057 0.0241 0.0189 ±0.038
Y 0.0678 0.0511 ±0.068 0.0295 0.0237 ±0.046
Z 0.0254 0.0203 ±0.017 0.0106 0.0079 ±0.009

F. Comparison with Prior ANN-Based Compensation
Methods

Recent advances in neural network-based compensation
for UWB and sensor fusion systems have improved posi-
tioning accuracy, but key limitations remain in the liter-
ature. For example, Chen and Kia [19] achieved a 35%
RMSE reduction using a feedforward ANN for UWB-
OptiTrack bias correction, yet did not address metrolog-
ical uncertainty or multi-agent scenarios. Almassri et
al. [10] and Bao et al. [9] reported accuracy improve-

Fig. 9. ANN-Based Residual Learning for Refined Estima-
tion

Fig. 10. ANN Training Performance Curve

Fig. 11. ANN Training State Metrics (Gradient, Mu, Fail
Checks)

ments via ANN and MLP-based approaches; however,
their studies lacked formal uncertainty quantification and
deployment in traceable, real-world settings. Salimpour
et al. [11] proposed autoencoder-based UWB anomaly
detection, but did not consider metrological traceability
or coordinated swarm control. In contrast, the present
work integrates feedforward ANN residual learning with
Monte Carlo-driven uncertainty analysis in a modular Win-
dows/MATLAB API, achieving over 56% RMSE reduc-
tion on the Y-axis, reporting confidence intervals, and en-
abling traceable, real-time multi-agent localization. This
represents a significant advancement in both technical and
operational applicability over previous methods.

IV. CONCLUSION
This work introduced a modular, Windows-based frame-

work for traceable drone positioning, unifying Kalman
filtering, AI-driven residual correction, and uncertainty
quantification. By leveraging UWB and OptiTrack data
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Fig. 12. ANN Residual Error Histogram

Fig. 13. ANN Regression Analysis Across All Data Splits

within a real-time MATLAB API, the approach enables ro-
bust, scalable localization for both individual and swarm
drones. Experimental results confirm significant accuracy
gainsâover 56% Y-axis RMSE reduction and tighter con-
fidence intervals, demonstrating the effectiveness of in-
tegrating AI with metrological approach. The systemâs
modular design, comprehensive uncertainty modeling, and
realtime swarm execution advance the state-of-the-art for
accurate drone positioning in complex environments. Fu-
ture directions include extending sensor fusion to vision-
based and inertial modalities, enhancing adaptive filtering,
and further aligning with ISO metrology standards to en-
able broader certification and deployment in autonomous
robotics.
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