Aol-FusionNet: Age-Aware Tightly Coupled Fusion of UWB-IMU

under Sparse Ranging Conditions

Tehmina Bibi*, Anselm Kohler, Jan-Thomas Fischer', and Falko Dressler*
*School of Electrical Engineering and Computer Science, TU Berlin, Germany
T Austrian Research Centre for Forests, Austria
{bibi,dressler}@tkn.tu-berlin.de, {anselm.koehler, jt.fischer}@bfw.gv.at

Abstract—Accurate motion tracking of snow particles in
avalanche events requires robust localization in global navigation
satellite system (GNSS)-denied outdoor environments. This paper
introduces AoI-FusionNet, a tightly coupled deep learning
based fusion framework that directly combines raw ultra-
wideband (UWB) time of flight (ToF) measurements with inertial
measurement unit (IMU) data for 3D trajectory estimation. Unlike
loose-coupled pipelines based on intermediate trilateration, the
proposed approach operates directly on heterogeneous sensor
inputs, thereby, enabling localization even under insufficient
ranging availability. This framework integrates an age of in-
formation (Aol)-aware decay module to reduce the influence of
stale UWB rangings and a learned attention gate mechanism that
adaptively balances trust between UWB and IMU modalities as
a function of measurement availability and temporal freshness.
To evaluate robustness under limited data and measurement
variability, we apply a diffusion-based residual augmentation
strategy during training, producing an augmented variant
termed AoI-FusionNet—-DGAN. We assess the performance of
the proposed model using offline post-processing of real-world
measurement data from an alpine environment and benchmark
against UWB multilateration and loose-coupled fusion baselines.
Our results demonstrate that AoI-FusionNet substantially
reduces mean and tail localization errors under intermittent
and degraded sensing conditions.

Index Terms—Ultra-wideband (UWB), inertial measurement
unit (IMU), tightly coupled fusion, deep learning

I. INTRODUCTION

Motion tracking on a particle level inside extreme natural
flow phenomena such as snow avalanches [1]] is particu-
larly challenging, as dynamic conditions, limited visibility
of satellites, and poor geometric configurations can lead to
reduced localization accuracy. Harsh terrain, signal attenuation,
chaotic motion, and significant snow depth severely limit the
applicability of global navigation satellite system (GNSS) and
make real-time localization using single-sensor unreliable [2].
Also, size and energy constraints of high-precision GNSS
systems are often prohibitive for use in mobile devices.

Ultra-wideband (UWB) has emerged as a very promising
alternative in GNSS-denied environments since it uses short
pulses, wider bandwidth, and achieves centimeter-level ranging
accuracy [3]]. However, non-line-of-sight (NLOS) conditions
and multipath effects affect UWB, ultimately leading to
limited connectivity and intermittent rangings. Consumer-grade
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inertial measurement units (IMUs), in contrast, deliver high fre-
quency motion data enabling accurate short-term inertial dead-
reckoning but suffer from accumulation of drift over time [4]
and therefore are unable to maintain long-term precision. To
achieve accurate positioning under these conditions, a fusion of
complementary sensing modalities is required. Existing fusion
techniques typically adopt a loosely coupled architecture that
first processes UWB-based time of flight (ToF) measurements
using trilateration to generate position estimates to later fuse
with inertial data [5] via Bayesian filtering or learning-based
fusion models [6], [7].

In the scope of the AvaRange project, we developed an
in-flow sensor system in which wireless sensor nodes are
embedded in snow for data acquisition during avalanches [S§].
To track individual particles within the flow, a sensor network
is created by placing static anchors (called AvaAnchors) across
a large alpine area. Snow particle-shaped, 3D printed mobile
sensor nodes (called AvaNode) are equipped with a multi-sensor
setup where ToF ranging is performed by UWB sensor, and
an IMU sensor produces motion data. The position estimation
of the mobile node is performed by measuring distances to
the static anchors. The tracking results from this experiment
confirmed that UWB-based ranging using ToF measurements
has better accuracy than conventional localization methods such
as GNSS [9]l. Unfortunately, line-of-sight (LOS) conditions
were not always achievable, and localization accuracy is
significantly affected by multipath effects, NLOS conditions,
or LOS signal blockage. This leads to intermittent LOS/NLOS
ranging conditions.

Existing mitigation and correction strategies either depend
on dense anchor deployments, computationally expensive post-
processing algorithms [[10]], [I11]], [[12], or identification of
NLOS measurements and their subsequent classification as
outliers by excluding them using localization filters [[13]].
Classical tightly coupled Kalman filter (KF)-based fusion meth-
ods [14], [15]], [16] rely on recursive state estimates, making
them sensitive to model inaccuracies and difficult to apply in
nonlinear or non-Gaussian scenarios [[17]]. More recent learning-
based ranging compensation methods mitigate NLOS bias
without discarding measurements; however, they still assume a
sufficient number of simultaneous ranges for trilateration and
therefore remain vulnerable under sparse anchor visibility or
intermittent ranging conditions [18]]. Together, this highlights
the need for a fusion framework that directly processes raw



measurements and models their temporal reliability.

Motivated by these challenges, we developed a data-
driven, tightly coupled UWB-IMU fusion framework that
performs joint temporal reasoning over heterogeneous sen-
sor measurements and remains operational even when an
insufficient number of UWB measurements are available to
produce a standalone positioning. In particular, we propose
AoI-FusionNet, a deep-learning-based fusion architecture
that directly integrates raw UWB range measurements with
IMU acceleration measurements without relying on inter-
mediate trilateration. Under sparse and intermittent ranging
conditions, the temporal freshness of UWB measurements
plays a role comparable to its availability. To incorporate this,
AoI-FusionNet uses an age of information (Aol)-aware
decay mechanism that down-weights stale UWB rangings,
combined with a learned attention gate that adaptively balances
the relative trust between UWB and IMU measurements. The
proposed model learns to predict incremental 3D motion
displacements over a sliding temporal window and reconstructs
the full trajectory through accumulation, thus improving
stability and long-term horizon drift. To mitigate overfitting due
to data scarcity, we introduced a data augmentation strategy that
injects physically plausible UWB perturbations during training
to improve stress-testing of robustness without changing the
underlying motion trajectory.

Our main contributions can be summarized as follows:

We propose AoI-FusionNet, a tightly coupled deep
learning-based sensor fusion framework that fuses raw
UWB range measurements with time-synchronized IMU
acceleration data without relying on trilateration.

We introduce an Aol-aware decay mechanism and a
learned attention gate that dynamically modulate the in-
fluence of UWB and IMU measurements based on anchor
availability, decayed UWB quality, and motion context,
under sparse, intermittent, and stale measurements.

We integrate a diffusion-based UWB data augmentation
strategy at the residual level to improve robustness and
generalization under limited training data.

We validate the proposed approach using real-world
experimental data and benchmark its performance against
classical multilateration and loose-coupled fusion baselines
using a high-precision GNSS as ground truth.

The remaining structure of this paper is organized as follows:
reviews related work, including localization based on
UWB and IMU and fusion algorithms comprising filter-based
and learning-based fusion strategies. presents the
system model and reviews state-of-the-art fusion approaches.
introduces our new AoI-FusionNet algorithm
and provides details of the proposed model. presents
the evaluation results and discusses the lessons learned from our

study. Finally, summarizes the article and outlines
future research directions.

II. RELATED WORK
A. UWB Range-based Localization

Recent research has demonstrated that UWB has great poten-
tial for wireless ranging and localization, offering centimeter-
level spatial resolution. UWB localization systems typically
rely on ToF, angle of arrival (AoA), time difference of arrival
(TDoA) measurements with algorithms such as least square,
Taylor algorithm, CHAN algorithm for position calculation. The
high positioning accuracy can be achieved under LOS situations
between the mobile node and the static anchors. However,
UWRB faces limitations in complex outdoor environments where
NLOS conditions deteriorates ToF-based ranging. Additionally,
multipath effects and poor anchor placement (high geometric
dilution of precision (GDOP)) further degrade positioning
accuracy and hindering seamless localization performance [19].

Poulose et al. [20] proposed an UWB-based positioning
framework using extended Kalman filter (EKF) to enhance in-
door localization in a multi-anchor configuration. The algorithm
processes time of arrival (ToA) measurements from multiple
anchors to address the inherent system nonlinearities, and its
performance has been tested using MATLAB simulations in a
2D environment under both LOS and NLOS conditions. While
the proposed EKF-based approach achieved positioning errors
within a £50 cm, its use in dynamic scenarios is constrained
by its reliance on predefined noise models, thus limiting its
adaptability in real-world conditions.

Van Herbruggen et al. [21]] introduced two heuristic anchor
selection algorithms for two-way ranging (TWR)-based UWB
indoor positioning systems to improve accuracy and update
rates. One method selects anchors based on link quality and
GDOP, while the other method is designed as a lightweight,
real-time algorithm for deployment on low-power UWB tags.
The performance has been evaluated using a Kalman filter in
industrial environments, achieving positioning accuracy in the
order of 15-20cm. However, the non-constrained algorithm
requires continuous communication with all anchors, and
these methods depend on static link quality metrics without
accounting for motion dynamics or temporal variations, which
is essential for reliable localization in dynamic environments.

B. IMU-based Localization

Data-driven approaches using IMU sensor have shown
promising results for localization based on pedestrian dead-
reckoning (PDR) and have been investigated to improve
individual components of PDR. Tiwari and Jain [22] introduced
a step detection method using the dynamic weight integrated
fuzzy C-means (DWIFCM) algorithm for pedestrian dead-
reckoning navigation, where it exploits features extracted from
tri-axial accelerometer data and dynamically adjusts feature
weights corresponding to changes in walking patterns and
terrain. Liu et al. [23]] proposed an F-LSTM-based heading
estimation technique that fuses IMU sensor and magnetometer
data to correct PDR heading angle estimation. This fully
connected long short-term memory (LSTM) model learns to
regress the non-linear sensor error when it is trained on data
collected in different heading directions.



While these algorithms demonstrate improved inertial nadgempared to traditional model-based Itering, particularly in
gation accuracy, the dependence on supervised training wéttmplex, non-linear, and non-Gaussian environments.
restricted motion patterns and limited environmental variations,Machine learning techniques have been investigated to
such as dynamic outdoor environments, limits their adaptabiliyse measurements from multiple sensors and obtain precise
and generalization to unseen users and magnetic disturbarieealization. Using extreme gradient boosting (XGBoost)-
To address gyrometer saturation in orientation estimatigmhanced fusion framework, Tommingas et al. [34] proposed
Neurauter et al. [24] proposed two fusion algorithms usirfgsing UWB and GNSS to handle indoor-outdoor transitions
low-cost IMU gyrometer and magnetometer readings, latley predicting sensor con dence levels. However, the approach
fused with the state-of-the-art Madgwick's algorithm. Despiteelies on GNSS availability and hand-crafted features, which
testing on real snow avalanche datasets, the dependeiitoé its scalability. Deep neural network architectures such
on magnetometer data limits its robustness in environmesis convolutional neural network (CNN)-LSTM have been
sensitive to magnetic disturbances. proposed by [35], taking advantage of CNN and LSTM
architectures simultaneously to improve the performance of
the integrated navigation system during GPS outages but the

IMU provides good localization performance over short stegliance on IMU makes the system susceptible to sensor drift
sequences, and several studies have explored its potentiadrid synchronization challenges.
multisensor fusion combining IMU with other sensor modalities, Muthineni et al. [36] proposed a cascaded deep learning (DL)
including vision [25], LIDAR [26], or UWB [27] to achieve architecture for UWB-IMU fusion in industrial environments.
better localization accuracy. Among wireless communicatighijle the approach outperforms EKF baseline, the model
technologies in outdoor scenarios, UWB stands out as a c@sttrained for a xed number of inputs and lacks adaptivity
effective and compact solution capable of maintaining sulg- multipath-rich outdoor settings with varying intermittent
meter accuracy. Classical Itering methods such as KF anés/NLOS conditions. Fontaine et al. [37] presented a transfer
its nonlinear variants have been extensively used so far [38hrning (TL)-based automatic optimization solution to develop
Nonetheless, the reliance of such models on Gaussian nqisgigh precision UWB localization system. Similarly, Yang
models reduces their usefulness in nonlinear and non-Gaussgry|. [38] proposed a tight coupled-bidirectional encoder
settings. Hybrid solutions such as [29], [30] that integrai@presentations from transformers (BERT) algorithm for accu-
vision with UWB further improve robustness but are sensitiigste indoor positioning. Tran et al. [39] proposed generative
to avalanche-like environments where other factors, such @fersarial network (GAN)-based data augmentation technique
visibility and occlusions due to the surrounding powder clougbr enhancing the training dataset so that the model extracts
adversely affect localization accuracy. multiple features of channel impulse response (CIR) to reduce

Xu et al. [31] introduced a loosely coupled integrateghe localization error, caused by NLOS conditions. However,
localization system based on a least square support vegidse methods depend upon the extraction of channel features

machine (SVM) assisted unbiased nite impulse respong®m CIR to explicitly perform LOS/NLOS classi cation for
(UFIR); however, the NLOS situation is not considered. Fagtror correction.

et al. [32] proposed an EKF based classical tight coupling
algorithm for indoor navigation that integrates raw UWB wit
IMU to mitigate NLOS effects. While the proposed EKF-base
approach combines carrier motion characteristics to improveln this work, we proposéol-FusionNet , an Aol-aware
robustness, the manually orchestrated probabilistic modgthtly coupled LSTM-based UWB-IMU fusion framework
and threshold-dependent NLOS handling limit its performanciesigned for 3D trajectory estimation under intermittent
for outdoor scenarios. Similarly, Li et al. [33] introduced a&angings, sparse anchor visibility, high GDOP and NLOS
tightly coupled indoor localization UWB-PDR solution usingconditions. Unlike existing fusion architectures that rely solely

a factor-graph. The proposed method improves localization LOS UWB ranges by explicitly identify and exclude NLOS
accuracy by jointly optimizing raw UWB ranges and pedestriameasurements, our proposed architecture uses both LOS and
motion constraints; however, it lacks adaptive noise modelifg. OS measurements within a uni ed fusion process. To the
to account for environmental dynamics and its application st of our knowledge, the explicit modeling of temporal
limited to 2-D scenarios. The explicit assumption on motiomeasurement reliability within a tightly coupled learning-
dynamics and measurement noise statistics underlying classlwased fusion framework has not been investigated in this
model-based frameworks becomes dif cult to satisfy undepeci ¢ formulation. The model integrates an Aol-aware decay
sparse anchor availability and multipath-induced non-Gaussiarechanism in the fusion algorithm that adaptively down-
UWB errors, thereby limiting their robustness in our scenariweighs stale UWB measurements and a learned attention

C. Model-based Sensor Fusion

. Our Solution: Aol-FusionNet

and motivating the data-based approach. gate dynamically balances trust between UWB and IMU
) ] features based on the UWB measurement freshness and anchor
D. Learning-based Sensor Fusion reliability. By modeling temporal dependencies through the

Recent studies suggest that data-driven learning approactexsirrent architecture, our model learns temporal motion
help to improve sensor fusion and localization performangatterns directly from sequential sensor data and maintains



Figure 1. System model and data ow for UWB-IMU fusion. The mobile node is equipped with a UWB transceiver and a triaxial IMU and communicates
with static anchors in a GNSS-denied outdoor environment. Raw UWB ranges with timestamps, and preprocessed inertial measurements are provided as inp
to multiple localization pipelines. Classical baselines include loose-coupled fusion using AKF and a Bi-LSTM model operating on trilaterated UWB positions.
In contrast, the proposediol-FusionNet  performs tightly coupled fusion directly on raw UWB and IMU measurements, incorporating Aol-aware decay, a
learned fusion gate, and LSTM-based temporal modeling. The resulting 3D trajectory is evaluated against ground truth.

robustness under sparse anchor measurements and NLOS
conditions.

Il. SYSTEM MODEL

In the following, we describe our system model that uses
UWB and IMU systems as its key building modules. The
fusion algorithm integrates UWB-based ranging and inertial
measurements to generate a multi-sensor dataset applicable
for bOth cIa;smaI ltering and DL-based fusion methOdS' AIS_igure 2. Tracking experiment at Innsbruck Nordkettenbahn cable car to
shown in Fig. 1, the system adopts a modular architecturedstive the trajectory along the avalanche path. An IMU and UWB sensor node
which Synchronized data collected from the mobile node amether with a reference GNSS is traversing in high alpine terrain that is
] eﬁuipped with static UWB anchors.
anchor network are followed by preprocessing and subsequently

processed through sensor fusion and trajectory evaluation. ]
The system model is structured into four primary stages:'” this work, the measurement data for post-processing has

(1) experimental setup mainly using mobile node (AvaNod8fen collected during a eld experiment conducted in the
and static anchors (AvaAnchors) for data acquisition, (Qyustnan Alps [9]. The experimental arrangement consisted

sensor-level preprocessing that includes UWB-based rangfigh AvaNode mounted onto a cable car counterweight of
and localization, (3) IMU calibration followed by framethe Hafelekar section of the Innsbruck Nordkettenbahn, which

transformation, (4) multi-sensor fusion methods involvin%{a"els along the Nordkette avalanche test-site, and used herein

loose-coupled UWB-IMU fusion, and tight-coupled UWB-IMU© emulate realistic avalanche terrain geometry (see Fig. 2).

fusion. Each stage of the system is described in detail in tNVing nodes perform an experimental investigation of UWB-
following. based tracking under realistic alpine geometry. The cable car

provides a reproducible trajectory, thus allowing for comparison
A. AvaRange Scenario of measured trajectories against the ground truth.

The sensor network deployed for this experiment comprisesl) AvaNode: The AvaNode represents the tracked device and
two principal components: the AvaNode [40], which functionss designed to simulate the motion of a snow granule within
as the mobile sensing unit, and multiple AvaAnchors that ass avalanche. It consists of multiple key sensing elements.
statically distributed across the test area to support positiohWB ToF-based ranging is performed using a Decawave
estimation [9]. The sensor payload integrated into the AvaNo@V1000 transceiver interfaced with an Adafruit Feather MO
included an UWB and an IMU, and was further supported byicrocontroller. The DW1000 chip supports timestamping
a high-precision real-time kinematic (RTK) GNSS receiver tprecision down tol5 ps thus allowing highly accurate dis-
provide reference data for ground-truth information. In totadance measurements. Inertial sensing has been performed by
six anchors were deployed where one anchor was the gatewsiyU9250 IMU that integrates tri-axial accelerometer and
anchor responsible for managing the backhaul WiFi meghroscope. The IMU is housed within a 3D-printed cube with
network connecting the remaining anchors. This con guratioan edge length 0160 mm ensuring alignment between sensor
enables synchronized acquisition of multi-modal sensor dat@ordinate frame and the geometric center of the enclosure.
from UWB module, an IMU, and a high-precision RTK GNS3IMU records motion data at a sampling frequency60 Hz
sensor, for subsequent localization and sensor fusion analyasigl the measurements are logged to an onboard SD card via
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