m The European Journal of foe CLEVER

e Research and Development journals.orclever.com/ejrnd Seience & Researeh Group

Research Article

Improving the Accuracy of Location Data in UWB-Based
RTLS Using Deep Learning Methods

Ramazan KAVAK!4, Fatih AYDEMIR?, Serap CEKLI?

1 Graduate Education Institute, Istanbul University - Cerrahpasa, Istanbul, Orcid ID:
https://orcid.org/0000-0002-5700-8439, E-mail: ramazankavak@ogr.iuc.edu.tr,
2 Asis Automation and Fueling System Inc.,Istanbul ,Orcid ID: https://orcid.org/0009-0006-2735-2606, E-
mail: f.aydemir@asis.com.tr,
3 Electrical and Electronics Engineering, Istanbul University — Cerrahpasa, Istanbul, Orcid ID:
https://orcid.org/ 0000-0002-8113-0514, E-mail: serap.cekli@iuc.edu.tr,
4+ Asis Automation and Fueling System Inc., E-mail: Istanbul., r.kavak@asis.com.tr

* Correspondence: r.kavak@asis.com.tr

Received: 17 May 2025
Revised: 12 June 2025

2nd Revised: 15 November 2025
Accepted: 26 November 2025
Published: 28 November 2025

This is an open access article distributed under the terms and conditions of the Creative Commons
Attribution (CC BY) license.

Reference: Kavak, R., Aydemir, F., & Cekli, S. (2025). Improving the accuracy of location data in UWB-
based RTLS using deep learning methods. The European Journal of Research and Development, 5(1), 246-262.

Abstract

In Real-Time Location Systems (RTLS) using Ultra-Wideband (UWB) technology, the Decawave
DW1000 uses the Two-Way Ranging (TWR) method to obtain the location of a moving object.
Multipath propagation occurring under NLOS conditions systematically negatively affects time-
leads and distance measurements; this increases the bias (positive bias) and widens the variance,
leading to instability in the location data. In this study, an autoencoder-based measurement
improvement method proposed for the tag location data obtained using the TWR method. The raw
TOF (time of flight) and range measurements obtained from the DW1000 are simultaneously
integrated into a low-dimensional latent space with features such as RSSI and CIR-based quality
metrics (e.g., first-path amplitude/index, channel energy, pulse width indicators). The
denoising/regularized reconstruction process suppresses the jump and bias components in the
location data caused by NLOS; thus, the improved measurements can increase the stability and
repeatability of location data when used with classical Gauss-Newton location. This approach can
trained with a highly dynamic setup (especially using clean LOS records), reducing the burden of
relying on field geometry; its modular architecture allows for minimal integration into the existing
TWR software chain. Experimental analysis and visualizations were performed on different indoor
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scenarios (office, corridor, and semi-open space layouts) using MATLAB. This method has been
shown to provide a consistent reduction in mean error metrics (MAE/RMSE), a significant
improvement in axis bias errors (95th/97th percentile), and location path continuity, while also
eliminating erroneous outliers originating from instantaneous NLOS.

Keywords:UWB, RTLS, DW1000, TWR, NLOS, multipath, Autoencoder, LSTM, deep
learning.

1. Introduction

The solution created with RTLS used in critical areas such as automation, warehouse
management, and employee tracking. This enables positioning in enclosed spaces. UWB
has emerged as an alternative to GPS/GNSS in indoor environments and offers high
accuracy for indoor use. However, this results in increased positioning errors in indoor
systems, referred to as NLOS (No Line of Sight). Therefore, with data-focused solutions
and the improvements made, more stable results are obtained. Although error values are
reduced with classical filtering, it may not perform the same due to the variability of
NLOS. The aim of this study is to address the issue with a different approach using a
CNN (Convolutional Neural Network)-based Autoencoder model. The developed model
learns the normalized systematic pattern in the data and learns how to organize data in
variable NLOS conditions. CNN does not require a label structure for the data. The
system enters the learning process directly with the measured data. As a result, this
approach aims to reduce NLOS effects in UWB-based positioning systems, enabling more
reliable, stable, and real-time position estimation.

Recent research on Ultra-Wideband (UWB)-based Real-Time Location Systems (RTLS)
has focused on mitigating range and position errors caused by multipath and Non-Line-
of-Sight (NLOS) propagation through data-driven methods.
Coene et al. [1] proposed a location-aware range-error correction (LARC) framework that
improves the accuracy of Decawave DW1000 measurements by combining geometric
and contextual information. Their regression-based approach demonstrated a significant
reduction in mean ranging error, highlighting the potential of lightweight machine
learning layers that can inserted before classical solvers.

Similarly, Pei et al. [2] introduced an attention-enhanced fully convolutional network
(FCN-Attention) to classify LOS and NLOS signals using channel impulse response (CIR)
features. The self-attention mechanism increased the robustness of classification, proving
that deep learning models can capture temporal and spectral dependencies in UWB
signal distortions.

Niu et al. [3] further extended this idea by proposing a deep learning-based CIR feature
regression model that directly estimates and compensates the ranging bias. Their results
confirmed that CIR-driven representations outperform handcrafted thresholds or
statistical filters, particularly under severe multipath conditions.

Complementary to these static models, Poulose and Han [4] utilized a Long Short-Term
Memory (LSTM) architecture for time-series-based UWB positioning, addressing
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sequential NLOS effects and trajectory drift. This temporal modeling concept aligns
closely with the hybrid Autoencoder-LSTM structure proposed in the present study,
which aims to combine measurement denoising with dynamic correction.

Finally, Tran et al. [5] presented an experimental CIR dataset and analysis framework
derived from DW1000/DWM3000 Two-Way Ranging (TWR) exchanges, revealing how
CIR-based latent patterns correspond to NLOS-induced biases. Their findings underline
the importance of feature selection and unsupervised learning for measurement
enhancement layers similar to the one designed in this work.

Section 2 details the DW1000-TWR model, NLOS effects on bias/variance, and feature
extraction (first-path amplitude, channel energy, pulse width, SNR). Section 3 covers
system topology, anchor-tag geometry, TWR protocol, and the LOS/NLOS/static data
collection setup. Section 4 reports RMSE, CEP95, bias reduction, trajectory consistency,
and runtime, comparing our CNN-AE layer against EKF and standalone AE baselines.
Section 5 discusses generalizability and dataset dependence, and points to next steps:
hybrid CNN-LSTM models, online recalibration, domain adaptation, and tightly
coupled UWB-IMU fusion.

2. Materials and Methods
2.1. UWB

The main operating principle of UWB is based on the transmission of low-power, short-
duration pulses across a wide band. This structure provides high time resolution in
distance measurements based on ToA/TDOA. Due to its centimeter-level resolution, low
energy consumption, and interference resistance, UWB has become a preferred choice
for indoor positioning.

Bluetooth
Wi-Fi
IEEE 802.11b

Power Spectral Density

40dBm/MHz | ---- 28 - --ll--=-=-----==—"88 - - - — — — — — - = = =
FCC Limit

UWB Spectrum
Noise floor
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Figure 1: Spectrum of UWB and other tecnologies for RTLS [6].

2.2. Two Way Ranging (TWR)
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Two-Way Ranging (TWR) is a positioning method that estimates distance by measuring
the time of flight (ToF) between two wirelessly communicating devices [7]. This method
is widely used, especially in UWB (Ultra-Wideband) systems. TWR is cost-effective and
amore practical method than TDOA, as it works without requiring time synchronization.
TWR is a two-way messaging method between a Tag (mobile device) and an Anchor
(fixed reference point). The process generally consists of 3 stages [7]:

Poll (Request): Tag sends a message to the anchor.

Response: Anchor receives the message and sends a response after a certain processing
time.

Final: Tag receives the response and calculates the distance based on all time

measurements.
@ @
Device A Device B
1"e|:3Es
1w
T
Figure 2: Times between 2 devices for TWR method [8].
Trounaa= 2* Ttof + TreplyB (1)
Trounap = 2* Ttof (2)
1
Ttof = 2 (TroundA + TroundB - TreplyB) (3)
Here [9];

Trounaa : Total time from the sending of the first message to the receipt of the Anchor
response, measured by the Tag (mobile device).

Trounap : The time from the reply sent to the final message received, measured by the
Anchor (fixed device).

Trepiyp : The processing time of the Anchor device from the time it receives the incoming
message until it responds.

d : The calculated distance (in meters) :

d=c * Tyop 4)
c : The speed of light in a space, approximately = 3x10® m/s [9].

2.3. NLOS
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NLOS refers to situations where the signal reaches the receiver indirectly via
reflections/refractions, potentially obstructing communication within and around the
wideband structure between the transmitter and receiver signals. As a result, the signal
reaches the receiver from a longer distance than normal, causing the position data to be
measured either too large or too small. Consequently, these are signal-distorting
conditions that cause position data to drift incorrectly or systematically. Filtering/center-
of-gravity methods have a certain degree of adaptability; deep learning offers solutions
that are more flexible by learning from data with complex distributions.

This established system; In LOS conditions, the location adjustment of the Tag gives
precise results on level of cm. However, in industrial or office environments, the
placement of Anchors is possible. There are obstacles such as wall packages, columns,
metal cabinets or raps between the Anchor and the Tag view. There may be structures
between the Anchor and the Tag that may obstruct the view, as seen in Figure 3.

UWB-TWR

UWB-TWR

NB-TW
UWB-TWR UWB-TWR

1 |

Figure 3: NLOS condition in UWB RTLS architecture.

2.4. Autoencoder

An autoencoder is a two-part (encoder—-decoder) neural network that reconstructs the
input data by transforming it into a low-dimensional latent representation (latent space).
The encoder summarizes the data using the x — h transformation, and the decoder
reproduces the input as close to the real one as possible using h — X. The undercomplete
setup allows the model to learn discriminative patterns rather than “memorizing,” and
the reconstruction error is reduced, updating the weights for estimating the location data.
This mechanism offers advantages over classical methods in terms of dimensionality
reduction and noise suppression. Recent studies have confirmed that deep autoencoders
can learn high-quality low-dimensional codes with effective weight initialization and
layered pre-training [10].
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The denoising autoencoder (DAE) type teaches the model “robust” features by adding
artificial distortions to the input and demanding a smooth data output from the data
network; this helps distinguish between random noise and systematic distortions in the
signal. Theoretical interpretations of DAEs (e.g., correlation with score-matching) and
their success in practice have demonstrated the usefulness of the reconstruction loss as a
powerful feature extraction method with appropriate regularizations [11].

In the context of UWB-RTLS (DW1000, TWR), multipath propagation and signal
reflections due to NLOS conditions make end-of-time (TOF) detection biased and
scattered; measured distances are often positively biased. The autoencoder can be run in
front of the location solver (Gauss-Newton) as a data-driven “measurement-
enhancement layer” to correct these erroneous measurements. In a typical setup, the
input vector contains features such as range/TOF obtained from the anchor, RSS], first-
path index/amplitude, CIR-based energy, and waveform indicators. Unsupervised
training performed with “nominal” data collected under LOS; since the model learns the
typical (LOS) distribution, it tends to suppress NLOS-induced anomalous patterns in the
reproduction. In the loop, the AE output X (the improved measurement/feature)
integrated with the location data, thus reducing both bias and narrowing the variance. It
has been stated that CIR-based data-driven approaches provide significant
improvements in NLOS conditions where LDE (leading-edge) bounds are insufficient
[12].

?

Input Data Encoded Data Reconstructed Data

Figure 4: Data Processing Structure with Encoder—Decoder [12].

Recent studies using deep learning in UWB systems to address the deterioration of
location data due to NLOS have shown that this approach is effective for both
classification (LOS/NLOS) and direct error reduction tasks. For example, studies using
transfer learning have improved generalization performance across different
environments, while fully convolutional (FCN) networks with attention mechanisms

Online ISSN: 2822-2296 journals.orclever.com/ejrnd 251



The European Journal of Research and -
Development, 5(1), 2025 https://doi.org/10.56038/ejrnd.v5i1.677 Yoot CLEVER

Science & Research Group

have provided more accurate NLOS data. Such classifiers can be cascaded with AE (AE
— classifier/regressor) to create a method for "cleaning the signal and/or estimating the
measurement error" [13].

A method for this purpose follows the following steps: (1) data and feature design
(TOF/distance, CIR statistics, quality flags); (2) pre-training standardization and/or
windowing; (3) unsupervised training of a small and shallow AE (e.g., 2-3 hidden layers,
32-128 neurons) on LOS data; (4) inference in the field: x - AE — X — location solver.
The computational complexity is low; since the feedforward is single-pass, the latency
can kept in the millisecond range. Real-time execution in RTLS applications is possible
with small parameter budgets. This data-driven correction provides improvement in the
measurement layer without making any changes to the classical estimation stage
(GN/UKEF). Moreover, “bias estimation and compensation” can done directly by adding
a lightweight regressor after the latent code of the AE; this design, which learns the non-
linear relationship between CIR and measurement error, has been shown to provide
significant error reductions in the field [14].

As a result, the classical encoder—decoder autoencoder provides a low-latency, modular
measurement-enhancement layer that can suppress NLOS-induced drift in UWB-RTLS
in an unsupervised manner. Training based on LOS data reduces the cost of large-scale
tags, and the AE output converted into “cleaned” measurements, improving the stability
and accuracy of the location solver. Findings from application studies show that
CIR/feature-based deep learning pipelines reduce systematic bias in TWR measurements
and significantly reduce the total location error [15].

3. Installation and Measurement Results

Our system consists of three main devices: Anchor, Tag, and Gateway. At least three
anchors placed at fixed points in the area. A tag used to locate a moving object or
personnel. Tag and Anchor designed using an STM series microcontroller. Location data
from the anchor sent to a Gateway device via RS485. The Gateway then sends this data
to the server via a TCP/IP connection. The Gateway design was also implemented using
a Raspberry Pi.
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Figure 5: Devices designed in our RTLS system.

In the RTLS architecture, we designed; 4 Anchors are fixedly placed in the corners as a 4-
diagonal layout in a 15x15 m? area. The communication between the Tag attached to the
personnel and the Anchors made with UWB. The TWR method used in our system. After
the Tag receives responses from the Anchors to the Poll and Final messages in order with
the TWR method, the location data is obtained by taking the Trilateration method in 3
dimensions.

In our test environment, location data obtained with UWB-TWR is inaccurate and
garbled due to NLOS-induced multipath conditions. The block diagram of the
Autoencoder algorithm we propose to improve this performance loss in location data,
along with the designed code and algorithm functions, provided below.

Input CNN Autoencoder Output
il Encoder )

Indoor multi-path environt

i Transposed Conv.
Scattering

<’ i m Latent

N
= Uanchor space

N\

/ Channel estimation error
magnutude

H

Channel matrix

. (1,33)
Trans, Cv.Conv.

J

Figure 6: A Convolution Neural Network for CNN autoencoder for channel estimation visualization.
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Algorithm1:UWB Localization With CNNgpcoger

Input: Derain={(Dk, Yi)Hk=1.. Ntrain}Dyaria={(dv, yu)Hv=1.. Nyaria}Deest={D¢}_{t=1.. Neese}
Hyperparameters: E;;4x, B, no, &, B, patience, Irgecay, MINjg, Areg, K

Output: H={ (&, §;) } for t in Dyeg; and learned 6,pcq, Ogecr Bprea
LiInitialize O.ncq, Ogecs Bprea

2: bestyalid 1oss— +o°

3: Noimprove epoch— 0

4memng

5:for epoch=1 to Ejjq,do

6: Shuffle Dyygin

7: Partition D¢yq4;ninto minibatches size B

8: for each minibatch (Bygta, Biapers) in Deraindo

9: Zpatch= CNNEncoder (Baata; Oenca)

10:  JreconBatch™ CNNpecoder (Zpatch; Oaec)

11: (Xpatchs Ipatch) = Preduead (Zoatcns Oprea)

12: Lrecon Batch™= (1/1Baata 1) Zi 1Baata [i] = IreconBaten [i]11?

13: Lpos Batch= (1/1Baata ) Zi 1| Biapeis [i] = (Rpatcn [i], patcn [L)1I2
14: Lreg= Areg (18enca 12+ 184¢c 12+ 18preq 12)

15: Ltotal™ & Lrecon Batcht P Lipos Batcht Lireg

16: (VOencar V04ec, Vepred)=Backpropagate( Ltotal)

17: Benca= Optimizerupdate (Oencar VOencas M)
18: Bgec= 0ptirnizerupdate (Odgec, VBgec, T])
19: epred= Optimizerupdate (epredr Vepred/ T])
20: end for

21:  Validoss= EvaluateValidLoss(Dygiia, Oencas Odaecs Opred)
22: if Validjyss < Bestygria Loss then

23: Bestyqiia Loss= Validjggs

24: SaveModelCheckpoint(8¢ncq, Ogecs Oprea)

25: Nolmprove epochs = 0
26: else

27: Nolmprove epochs +=1
28: end if
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30: break

31: end if

32: if epoch mod K =0 then

33: N =max(nIrpecqy, Ming,)

34: endif

35:end for

36: Oencas Odec, Oprea= LoadBestModel ()
37:H = empty list

38:for each d;in D, do

39: Zy=CNNgncoger (d¢; Oenca)

40: (X¢, §¢) = Predyead (Z¢; Oprea)

41: Append (X, ¥¢) to H

42:end for

43:return H

Subroutine EvaluateValidLoss(Dygiiq, Oencas Odec Oprea) Inputs: Dy g1ia={(Dy, Yy)}, Oenca Odec,
0
pred

Output: validation)ygs

Agum=0

Bsyum=10

for each (Dy, Yy) in Dygiq do
Zy = CNNgncoder (Dv; Benca)
Yreconv = CNNpecoder (Zv; Baec)
Ry, Jv) = Predyeqa (2v; Oprea)
Asum*=Dy = Jreconv 117
Bsum+= Il Yy = Ry, §,)I2

end for

Lrecon var= Asum / | Dyaiia |

Lpasvar= Bsum / | Dyaiia |

return a'LRecon vart E"LPas Val

This algorithm generates position estimates (X, §) from UWB signals using a CNN-based
autoencoder structure. During the training process, the model is optimized with both
reconstruction  (Yyecon) and position loss (Lposyaq). The validation loss
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(EvaluateValidLoss) monitored at the end of each epoch; the parameters with the lowest
loss kept and early stopping is applied. The result is a highly accurate position estimation
model that is robust to NLOS effects.

FunctionBlock1: Feature Extraction and Prediction (CNN Encoder / CNN Decoder / Pred
Head)

g 10 By (B s, (S

OUtput * Zpatchs YreconBatch/ (Xbatch/ Ybatch)
1 Zpatch = CNNEncoder (Bdata' eenca)
2: ¥reconBatch = CNNpecoder (Zpatchs Odec)

3:(Xpatchs Ypatcn) = Pred yeaa (Zpatcn Oprea)

Explanation: The Encoder extracts features from the input data, the Decoder produces
reconstructions from these features, and the Prediction Head generates (X, y) position
predictions.

FunctionBlock2: Optimization (Backpropagate + optimizer_update)

1nputLT0tal Ny eencal edecl epred

Output: Bene news Odaec news Opred new

1:(V 8encar VOaec, VOpreq) = Backpropagate(Lrorqr )
2: Benc new= Optimizerypgate (Oencar VOencas M)

3: Bgec new= optimizerypgate (Oaec; VOaec, M)

4: 0preq new= Optimizerypgate (Opreas V0prea, M)

S:return Oop,c news Odec news Opred new

This block defines the network's learning mechanism. Gradients calculated from the loss
using backpropagation, and each parameter optimized using the learning rate 1.

FunctionBlock3: EvaluateValidLoss (Dygiia, Oencas Odaecs Opred)

IHPUtS: DValid={(DV ’ YV )}/ 9encar 9decr epred
Output: Validation,ss

1: Agym=0s
2: Boym =0
3: for each (Dy, Yy ) in Dy g4 do
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4:  Zy = CNNgncodger (Dv; Oenca)

5. Yreconv = CNNpecoder (Zy; Bdec)
6: (Xy, Yv) = Pred peaa (2y; Oprea)
7:  Agum+= Dy —Jreconv 112

8 Bsgym*= I Yy =&y, §,) 112

9: end for

10 Lrecon var= Asum/ | Dvatia |

11: Lpos var= Bsum/ | Dyaiia |

12: return a- LRecon valt ﬁ'LPos val

This function measures the validation performance of the model. For each example, the
reconstruction error and position error calculated separately. Then, these two
components weighted by the coefficients a and 3 to produce the total validation loss.
This metric is used to determine decisions regarding early stopping and saving the best
model (model checkpoint).

3.1. System Installation

In the system design, four anchors used to obtain location data in one environment.
Location data obtained using a single tag. The resulting location data could sent to the
server via the Gateway. Log records of the resulting location data kept, and graphical
outputs of the results obtained using MATLAB. A test scenario and our proposed EKF
and Gauss-Newton iterations were also included. Tests conducted on the obtained
location data for the resulting situation. Specifically, under NLOS conditions, the
Autoencoder algorithm applied to our system, and system outputs monitored.
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UWB-TWR UWB-TWR

r;;za TCP/IP
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Figure 7: Designed RTLS architecture.

3.2. Test Scenarios and Analysis of Generated Data

A Personnel Tag has activated in a corner of the office environment. There are four large
columns in the environment, and there are metal ventilation pipes and wooden cabinets
on the ceiling. All of this equipment causes NLOS conditions. Accordingly, the raw data
first handled. Subsequently, the CNN/Autoencoder algorithm we proposed applied to
the data, aiming to increase the stability of the system.
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a) Raw noisy UWB position data. b) UWB location data enhanced

with autoencoder.

Online ISSN: 2822-2296 journals.orclever.com/ejrnd 258



The European Journal of Research and
Development, 5(1), 2025

https://doi.org/10.56038/ejrnd.v5i1.677

&

CLEVER

Science & Research Group

1400

1200

1000}

Y (cm)

600

200}

800

Al

Raw Measure;
CNN-Corrected

A3

A2
e

ment

800 1000

X {cm)

200 400 600

1200

1400

c) Comparison of the two measurements taken.

Figure 8: Test results obtained under NLOS conditions.

As seen in Figure 8 a), positional uncertainties occur, particularly during turns around

columns, and significant performance losses are experienced. Figure 8 b) shows that the

dispersion of position data occurring in angles and rotations that create the NLOS

situation has improved. There has been an upward orientation on the Y-axis in the route

caused by the pot located on the movement path. Our proposed autoencoder algorithm

has distinguished this as an orientation on an axis in the route, rather than a distortion of
position data caused by NLOS. Figure 8 c) clearly shows the improvement in position

data by superimposing the data from the two situations.
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Figure 9: Heat map showing improvement in data obtained by applying the CNN-AutoEncoder algorithm.

As shown in Figure 9, the improvement rates in position data displayed using a heat map

based on centimeters.
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4. Discussion and Conclusion

In this study, an autoencoder-based enhancement layer proposed to suppress signal
reflection and scattering caused by NLOS conditions in UWB-RTLS (DW1000, TWR) at
the measurement layer. Tests conducted in a testbed demonstrate the practical and
efficient implementation of the approach. The main objective is to compress feature
vectors generated from the DW1000's side outputs (CIR-based indicators, first-path
index/amplitude, RSSI, protocol flags, etc.) using the TWR methodology into a low-
dimensional representation using an autoencoder to generate the reconstructed data. By
learning "nominal" measurements collected under LOS conditions in an unsupervised
manner, the autoencoder naturally eliminates NLOS-induced drift during reproduction
in a real-time stream, resulting in more stable and less biased measurements reaching the
location solver. Our experimental data demonstrates significant reductions in mean error
metrics, significant improvements, particularly in high-percentage tails, and reduced
jumps in and out of NLOS transitions, preserving track continuity. A key finding is that
the method yields more stable results when CIR enhancement is applied compared to
using range-based input alone. A key feature of the proposed approach is its modular
and low-cost integration. The autoencoder inserted before the location solver as a
"measurement-optimization" block; the DW1000 hardware or TWR protocol flow
remains unchanged. Training data requirements are manageable thanks to the
unsupervised setup, which largely based on LOS data; this is a significant advantage for
NLOS scenarios where label generation in the field is difficult and expensive. The
computational burden is light; single-pass extraction can performed in milliseconds with
a small, shallow architecture. This allows the model to be trained with Python code and
then applied to the system. In practice, it is also possible to record the reconstruction
error as a confidence score and dynamically adjust the measurement weights in the
location solver layer; this allows for more stable behavior than existing least squares,
Gauss-Newton, or Kalman solvers without requiring radical architectural changes. Field-
based inferences also reveal the method's significant advantages in terms of maintenance
and operation. Fine-tuning can achieved with small LOS windows collected at short
intervals. Parallel processing of data from multiple anchors is also possible; training the
model with common features that are not anchor-specific simplifies maintenance and
version management. Furthermore, the method adds accuracy to existing infrastructure
without requiring additional hardware or complex stage calibrations, making it a cost-
effective solution in NLOS-intensive areas such as production sites and logistics.

In order to develop a better system with future studies adaptive filtering schemes that
adjust measurement covariance values online using confidence scores generated by the
autoencoder could evaluated. Transfer learning and domain adaptation approaches for
transitions between environments can enable rapid calibration with small amounts of
target environment data. Explicitly modeling uncertainty (e.g., with ensemble
approaches or dropout-based methods) contributes to risk-aware localization. Loosely or
tightly coupled fusion with the IMU can further improve track continuity accuracy,
particularly in moving tag scenarios. Finally, systematic validation on the DW3000 and
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different physical layer settings, across different architectures and scales will strengthen
the method's production-grade generalizability. In summary, the autoencoder-based
measurement-enhancement layer offers a tangible value proposition to DW1000-TWR-
based UWB-RTLS links by combining gains in accuracy, stability, and track continuity
with low integration cost and ease of real-time operation. With the development of
hybrid time series setups, field adaptation, and uncertainty-focused strategies, it appears
possible to further reduce location data errors under NLOS conditions and safely deploy
to different sites.
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