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Abstract—Device orientation is a known source of variability
in wireless ranging and localization measurements, yet often
underexplored in experimental evaluations. As we show in our
empirical study using off-the-shelf Bluetooth Channel Sounding
hardware, its impact can be substantial: systematically rotating
a device over the full 360° range reveals differences up to 10x
in the median localization error. Unfortunately, most evalua-
tions in the literature tend to fix device orientation or sample
it only coarsely, and tools supporting fine-grained automated
sweeps of device orientation remain scarce. To address this
gap, we present the OWL, a cost-effective tool enabling auto-
mated wireless measurements with fine-grained control of device
orientation with sub-degree accuracy. We demonstrate the depth
of analysis unlocked by the OWL by collecting high-resolution
datasets capturing the real-world performance of Bluetooth
Channel Sounding as a function of device orientation. We further
show that these high-resolution datasets allow us to attribute
orientation-dependent ranging errors to two contributing factors:
direct-path signal power—shaped by antenna-pattern gain and
polarization mismatch—and algorithmic artifacts in the ranging
implementation. We complete this work by openly releasing all
our hardware, firmware, and datasets to lower the barrier to
reproducible, orientation-diverse research.

Index Terms—Bluetooth 6.0; Channel Sounding; Location
awareness; Ranging; Antenna radiation pattern; Polarization.

I. INTRODUCTION

As location-awareness gains importance in Internet-of-Things
(IoT) deployments, modern applications increasingly require
high-accuracy ranging and localization on low-cost, battery-
powered, and resource-constrained devices [1]. Localization
estimates the position of a mobile device (tag) from distance
measurements to multiple fixed reference nodes with known
positions (anchors) through multilateration. These distance
measurements, referred to as ranging, rely on mechanisms
such as time-of-flight (ToF) or phase-based ranging (PBR),
and their accuracy depends on the underlying technology.
For instance, Ultra-wideband (UWB) radios allow for accu-
rate ToF estimation, yielding a mean absolute error (MAE)
below 6cm in line-of-sight (LoS) conditions [2]. Bluetooth
Low Energy (BLE) channel sounding (CS), introduced in
the Bluetooth Core Specification 6.0 [3], combines round-trip
time and PBR [4], [5], with current baseline implementations
achieving a root mean square error (RMSE) of 1.04m [6].
Crucially, these reported accuracies are typically achieved un-
der favorable conditions, particularly w.r.t. device orientation.
Indeed, tag orientation is rarely controlled and can drastically
affect ranging and localization accuracy [7]-[9].
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Fig. 1. Location estimates color-coded as a function of the tag’s orientation.
The tag performs a 360° rotation in 1° steps; 0° corresponds to the tag facing
left (along the negative x-axis). Two clusters and their corresponding CDFs
are highlighted: a favorable tag orientation window (-126° to -106°, median
error of 63 cm) and an unfavorable one (79° to 99°, median error of 6.30 m).

Fig. 1 illustrates this for an indoor BLE CS localization
system (whose setup is described in § IV-A) operating in LoS
conditions: a fine-grained 360° tag orientation sweep produces
location estimates (color-coded by tag orientation) that form
distinct spatial clusters, exposing a pronounced dependence
of localization accuracy on device orientation. For instance, a
favorable orientation window (-126° to -106° in Fig. 1) yields
a median localization error of 63 cm, while an unfavorable
window increases it to 6.30 m, corresponding to a 10x increase
(see CDFs in Fig. 1). Furthermore, the 99th percentile (p99)
localization error increases by an even larger factor of 22.5x
(from 0.88 m to 19.84 m). These results underscore that device
orientation is a critical factor; evaluations that neglect it risk
to substantially misrepresent real-world performance.

Lack of orientation diversity in current evaluations. De-
spite this evidence, most existing datasets and experimental
evaluations of wireless localization performance fix device
orientation, typically positioning tags and anchors face-to-face
with intentionally aligned antennas [10]-[13]—so to establish
a best-case baseline and eliminate orientation as a confounding
factor—and focus on isolating specific challenges such as the
presence of non-line-of-sight (NLoS) conditions [10].

Lack of suitable measurement tools. This limited consider-
ation of device orientation diversity is largely driven by the
practical challenges and significant overhead associated with
precisely, systematically, and reproducibly controlling device
orientation during measurement campaigns. Because of this,
experimental studies are often restricted to a small set of



discrete orientations (e.g., 45° intervals) [7], [8], [14], [15],
which risk missing effects that manifest over narrow angular
ranges [9]. Conversely, studies relying on automated device
orientation sweeps employ motion-tracked robots [16]-[22],
spherical near-field scanners [23], or custom motorized plat-
forms [24]-[26]: all these setups are, however, either expen-
sive, proprietary, or insufficiently documented for replication.
As a result, the sometimes gradual, sometimes abrupt signal
transitions arising from the interplay between the environment,
multipath propagation, device orientation, as well as an-
tenna polarization and radiation patterns remain undersampled
across the literature. Beyond ranging, the lack of accessible,
precise rotational tools also hinders research exploring the
Angle-of-Arrival (AoA) capabilities of modern radios [16],
[24]; more generally, it hinders the study of orientation-
induced effects on wireless communication and sensing.

Contributions. To tackle these limitations and democratize
experimentation with fine-grained orientation diversity, we
present the OWL (Orientation-aware Wireless Localization),
an open-source, cost-effective tool designed to automate the
acquisition of wireless measurements with sub-degree angular
accuracy, and demonstrate it in action, highlighting the depth
of analysis it enables. Our core contributions are:

« Design of a practical measurement tool (§ II). We build
a measurement platform that leverages an absolute angle
encoder to enable an automated and fine-grained control
of device orientation. We make our hardware design,
fabrication files, and control software openly available.

o Tool accuracy and repeatability evaluation (§ III). We
characterize the OWL’s angular accuracy and repeatabil-
ity, obtaining a mean RMSE of 0.38° across two builds.

o Orientation-aware BLE CS dataset (§IV). We use
the OWL to collect a densely-sampled (1°-steps) dataset
capturing BLE CS performance as a function of device
orientation across four real-world environments. Our data
reveals variations in the ranging and localization error by
up to tens of meters across different device orientations.

« In-depth analysis of orientation impact (§ V). We lever-
age the datasets’ high sampling density to attribute the de-
graded ranging performance to reduced direct-path signal
power and to uncover BLE CS algorithmic artifacts.

« Discussion of future research opportunities (§ VI). We
finally discuss how the OWL can support future research
in wireless communication, localization, and sensing.

II. INSIDE THE OWL

The OWL is an open-source, cost-effective, single-axis rota-
tion platform designed to automate the collection of wireless
measurements over fine-grained device orientations.

Requirements. The design of the OWL is guided by four
key requirements. (i) Dependable rotation: the platform must
guarantee automated, sub-degree angular positioning accuracy
across the full 360° range without mechanical drift or cable
tangling, ensuring repeatability across multiple runs and inde-
pendent builds. (ii) Affordability and accessibility: the bill of
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Fig. 2. Key components of the OWL tool with a mounted radio device.

materials must rely on inexpensive, off-the-shelf components,
and standard rapid-prototyping techniques to enable low-
cost replication. (iii) Ease of use: the platform must require
minimal technical expertise and effort to set up and operate.
(iv) Flexibility and openness: hardware (HW) and firmware
must be both open-source and payload-agnostic, in order to
allow other researchers to easily use and extend the platform.

Design. Fig. 2 shows the OWL design: all cabling is routed
through a hollow-shaft brushless direct current (BLDC) motor
via a slip ring. This design enables endless 360° rotation with-
out mechanical interference from the cabling. A built-in USB
hub allows the host computer to communicate with both the
OWL and the payload through a single USB connection. We
use an MPS MAGOOA magnetic absolute angle encoder [27]
to provide angular position feedback. This contactless sensor
measures the orientation of a diametrically magnetized per-
manent magnet attached to the motor shaft, it is immune to
mechanical wear, and exhibits negligible drift—yielding sub-
degree accuracy and repeatable performance while providing
an absolute angular position reading at power-on. The motor
is controlled via the open SimpleFOC library [28], configured
with a maximum speed of 180°/s and a cascade position con-
troller: a proportional (P) loop for position and a proportional-
integral (PI) loop for velocity regulation.

To address the ease-of-use requirement, the control board
features a plug-and-play USB interface that presents a standard
virtual COM port, enabling communication via a simple,
human-readable serial text protocol without requiring cus-
tom drivers or specialized host-side software. The system
is powered via the USB Power Delivery standard and in-
cludes onboard status LEDs to provide direct visual feed-
back. Furthermore, the design incorporates SparkFun Qwiic
connectors [29] for solderless IC expansion, facilitating the
integration of auxiliary sensors. Together with the publicly
released designs, the payload-agnostic USB pass-through and
a generic mount allow researchers to attach arbitrary radios or
sensors, satisfying the flexibility requirement.

To ensure affordability, the OWL uses consumer-grade, off-
the-shelf HW available from established vendors, custom
printed circuit boards (PCBs) from low-cost prototyping ser-
vices, and 3D-printed structural components, resulting in a cost
of approximately € 170 per unit (including shipping and taxes,
at an order quantity of five units) as of mid-2026 — one to
three orders of magnitude below hardware used in prior work.



Synchronization and data logging. During an orientation
sweep, the host computer instructs the OWL to rotate to a tar-
get angle via serial communication. The OWL monitors both
orientation error and rotational speed; once both fall below
configurable thresholds, it notifies the host that the target angle
has been reached. The host then directly triggers the radio
measurement on the payload through the USB pass-through
connection. Data logging, including the angle, timestamp, and
radio measurements, is managed by the host computer.

Open-source artifacts'. To foster reproducibility and com-
munity adoption, we openly release the OWL's HW design,
3D-printable models, control firmware, and collected datasets.

III. OWL VALIDATION

We validate the angular positioning performance of two OWL
builds against a sub-millimeter-accurate Qualisys motion-
capture (mocap) system serving as a ground-truth reference.
We characterize two complementary aspects of this perfor-
mance: (i) the angular accuracy, i.e., how closely the platform
reaches a given target angle (relative to its own zero) across the
full 360° range, and (ii) the per-position repeatability, i.e., the
precision with which it returns to each individual target angle
under a shuffled sequence of non-consecutive positions.

Ground-truth reference. The mocap system serves as our
tracking baseline. A cross-shaped constellation of passive
reflective markers is rigidly attached to the top of the OWL’s
rotating platform, with markers placed at the endpoints and
center of four roughly perpendicular arms forming an elliptical
shape with a major and minor axis (approximately 136 mm
and 94mm across). This asymmetric arrangement forms a
rigid body whose orientation is tracked in real time. Before
each experiment, the mocap system is calibrated so that the
initial orientation of the OWL defines the zero reference.
Conveniently, the system’s baseline tracking uncertainty can
be derived directly from the calibration results provided
by the mocap system. After wand calibration, the mocap
system reports a standard deviation of the wand length of
approximately oz, ~ 0.71 mm, which translates to a per-marker
position uncertainty of cmarker =01/ V220.5mm (via prop-
agation of uncertainty [30]). Given the radial distances r; of
each marker from the OWL’s center of rotation, the resulting
angular tracking uncertainty iS 09 = Opmarker/\/ Y, r% ~0.25°,
well below the sub-degree accuracy target of the OWL.

Setup. To evaluate the angular positioning accuracy and re-
peatability of the OWL, we perform two distinct experiments
on each of the two builds (1 and 2). Both experiments au-
tomate measurements following the synchronization and data
logging mechanism described in §II. First, in a consecutive
rotation sweep (F1), the platform is rotated in 1° incremental
steps over a full 360° rotation. We record 10 ground truth
measurements from the mocap system per step, and repeat this
for 2 runs per build. Second, in a shuffled target-angle sweep
(E5), the platform is instructed to visit all 360 target angles in
a randomly shuffled order across 5 distinct runs per build. We

IOpen-source artifacts available at: https://iti.tugraz.at/OWL.
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Fig. 3. Accuracy and repeatability of two OWL builds: (a) empirical CDFs,
RMSE, and p99; (b) signed angular error versus the target angle (solid lines
show the mean, shaded regions represent the min-max range over five runs).

use the same five randomized sequences across both builds
to ensure a fair comparison. At each target angle, the angular
error is computed as the difference between the OWL-reported
angle and the mocap-measured ground-truth.

Angular accuracy. Fig. 3(a) shows the combined cumulative
distribution function (CDF) of the absolute angular errors
across all samples from both experiments. Both builds achieve
sub-degree angular accuracy, with RMSE values of 0.38° and
0.39°. Furthermore, the error is tightly bounded: the 99"
percentile (p99) of the error remains below 1° for both builds.

Per-position angular repeatability. To assess how consis-
tently the OWL reaches each target angle when rotating
between non-consecutive positions, we analyze the signed
angular error during the shuffled sweep (E-) in detail. Fig. 3(b)
plots the mean error (solid lines) and the min-max error
envelope (shaded regions) across the five independent runs for
all 360 target angles. The figure legend reports two comple-
mentary error-spread metrics. The error remains mostly within
+1° across the full sweep, with the maximum per-target-angle
spread (i.e., the worst-case variation at any single angle across
the five runs) ranging from 0.70° to 0.72°, while the overall
error spread across all angles and runs remains within 1.25°
to 1.54°. These small error spreads are sufficient to resolve
the orientation-induced effects we observe, whose transitions
unfold over much wider angular scales (§IV + § V).

Key takeaways. The evaluation across two independently
assembled OWL builds shows that the platform achieves sub-
degree angular positioning accuracy and repeatability. Im-
portantly, these results establish a reproducible performance
baseline: researchers who build their own OWL can reasonably
expect it to perform within the bounds characterized here,
without the need for an external motion-capture system for
calibration or verification. The OWL thus provides a cost-
effective, accessible tool for automated, high-accuracy orienta-
tion sweeps in wireless communication and sensing research.

IV. OWL IN ACTION

We now leverage the OWL to investigate orientation-induced
effects in BLE CS localization and ranging. To this end, we
conduct automated 360° device orientation sweeps in line-of-
sight (LoS) conditions across several real-world environments
using commercial off-the-shelf hardware. We first describe
the experimental setup used to perform our measurement
campaign (§IV-A), and then analyze the collected datasets,



highlighting the high variability introduced by device ori-
entation (§IV-B). The underlying causes of this orientation-
dependent variability are analyzed in detail in § V.

A. Experimental Methodology and Setup

Hardware platform. We use the Nordic Semiconductor
nRF54L15-DK, which fully supports BLE CS and features
an inverted-L. PCB antenna approximately one-quarter wave-
length long. The device runs the nRF Connect SDK (v3.2.4)
on the Zephyr operating system and transmits at 0 dBm [31].
We enable the full CS channel map (72 channels not overlap-
ping with BLE’s advertising channels) and employ a channel
map repetition of one. Unless otherwise stated, all remaining
parameters are kept at vendor-default values. Our firmware is
based on the Nordic SDK channel sounding examples?, with
modifications to log IQ samples, tone quality indicators, and
per-tone received signal strength indicator (RSSI)—derived
from the IQ amplitude and reference power level of each
ranging sub-event—in a machine-readable JSON format. We
additionally remove the default median filter over the last nine
ranging samples to obtain raw, unfiltered estimates.

Real-world environments. Experiments are conducted under
LoS conditions in three outdoor (PARK, YARD, and STREET)
and one indoor (LECTURE HALL) environments. LECTURE
HALL is an 88m? university room with a ceiling height
of 3.25m; it contains rows of tables (73cm height) and
chairs. PARK and YARD feature relatively flat grass terrain,
while STREET has a paved surface with a slight ramp. The
outdoor areas are generally free of large reflective structures;
the nearest significant reflectors are a row of greenhouses
approximately 6 m from the measurement axis in YARD, and
a building wall and metal fence approximately 9 m away in
STREET. In PARK, the closest building is approximately 20 m
away, with some trees and construction materials at around
8 m. Initiator and reflector are mounted on tripods at a height
of 1.4m outdoors and 1.9m in LECTURE HALL (to ensure
LoS clearance above tables). Ground-truth distances outdoors
are measured with a surveying tape (cm-level accuracy); in
LECTURE HALL, positions are determined using a total station.
To reduce systematic ranging biases, we calibrate each
initiator-reflector pair per environment and setup by subtract-
ing a per-pair offset, defined as the median ranging error across
all orientations and positions.

Orientation sweep. We use the OWL to rotate the BLE CS
initiator clockwise through a full 360° range in 1° steps, and
henceforth refer to the resulting angular position as the OWL
angle. Fig. 4 shows the rotation direction and the 0° reference
used in our setup. We employ two different settings: a vertical
setup (Fig. 4a)—representing a typical deployment orientation
in which both antenna-pattern gain and polarization effects
jointly influence the received signal— and a horizontal setup
(Fig. 4b)—in which the antenna-pattern gain is expected to
remain approximately constant throughout the OWL’s rotation.

2Samples: channel_sounding_ras_initiator and _reflector.

(a) Vertical Setup (b) Horizontal Setup
Fig. 4. Device orientations explored in our measurement campaigns. The
BLE CS initiator is mounted on top of the OWL, which rotates clockwise in
the direction of the arrow. The reflector device remains static.

Outdoors, we perform two independent measurement runs at
fixed distances of 10, 20, and 25 m between one initiator and
one reflector. Indoors, we perform three independent runs with
four reflectors serving as anchors (marked as red triangles
in Fig. 1) positioned in a rectangle around the initiator (tag,
marked as a yellow star). Distances between tag and anchors
1-4 are 4.22, 4.46, 4.28, and 4.14 m, respectively.

B. Impact of Orientation on Localization and Ranging

Device orientation affects both ranging and localization. Fig. 1
shows the localization error in LECTURE HALL, which exhibits
a clear dependence on the OWL angle, with clusters following
the angular color coding. Accurate localization is achieved
only for a narrow range of device orientations, with the median
localization error varying from 63 cm in favorable orientations
to 6.3 m in unfavorable ones, a tenfold difference (§I).

This high variability in the median localization error stems
from the underlying variability of ranging estimates as a func-
tion of device orientation. Fig.5 shows the absolute ranging
error as a function of the OWL angle across all outdoor and
indoor vertical setup experiments. Examining the per-anchor
ranging errors in LECTURE HALL, the lowest errors are gener-
ally found in the —90° to 0° range for all four anchors. Parts of
the angular sweep show a gradual, low-spread variation of the
ranging error, revealing a clear deterministic dependence on
the rotation angle. In regions where the error jumps abruptly,
the spread of the estimates is also large. Notably, Anchor 1
achieves considerably lower ranging error than the other three
anchors, excluding one large spike, despite all anchors being
at similar distances (=~4-4.5m) under LoS conditions. We
attribute these discrepancies to multipath propagation effects,
which are common in indoor environments.

To isolate the impact of device orientation from multipath
effects, we turn to open outdoor environments. In PARK,
YARD, and STREET, the error is consistently low around 0°
(roughly from —90° to 45°-75°) and around £180° (from
—135° to 135° passing through +£180°). Conversely, two
angular bands (approximately from —135° to —90° and from
75° to 135°) exhibit systematically higher errors across all
three environments and investigated distances. These bands
appear at consistent angles across environments and runs,
indicating a deterministic, orientation-dependent effect. To
quantify this, we slide a 45° orientation window (£22.5°) per
configuration and compare the p99 ranging error at the best-
and worst-case orientations. For the best-case orientations,
the p99 error stays below 0.58 m; for the worst-case ones,
it reaches up to 18.8 m (at 25 m in PARK), i.e., we observe up
to 37x differences caused by changes in device orientation.
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Fig. 5. Absolute BLE CS ranging error vs. OWL angle for all outdoor and indoor experiments.

V. IN-DEPTH ANALYSIS OF ORIENTATION IMPACT

The results of §IV establish that the BLE CS ranging per-
formance varies with device orientation, but not why. Lever-
aging the OWL’s fine-grained sweeps, we investigate two
contributing factors: the direct-path signal power (§ V-A) and
algorithmic artifacts in the PBR ranging estimation (§ V-B).

A. Direct-Path Signal Power

The orientation of a device’s antenna relative to its commu-
nication peer affects the received signal power through two
mechanisms: the directional gain of the antenna radiation
pattern and the polarization alignment between transmitter
and receiver. The vertical setup of § IV-A exposes both effects
jointly. To remove the influence of the antenna characteristic
and isolate the polarization component, we additionally intro-
duce a horizontal setup (Fig. 4b). Here, the antenna-pattern
gain toward the peer device remains approximately constant
during rotation, so RSSI variations are predominantly due
to transitions between co- and cross-polarization. We collect
horizontal setup sweeps in the three outdoor environments
following the same procedure used for the vertical setup
(§IV-A). Fig. 6 plots the median per-tone RSSI as a function
of the OWL angle for both the vertical and horizontal setups.

Vertical setup (combined effects). The measured data reveal
two prominent RSSI dips, separated by roughly 200°-240°
rather than a symmetric 180°. We attribute this to two
overlapping effects: directional antenna gain and polarization
mismatch. These angular RSSI variations line up with the
outdoor ranging errors shown in Fig. 5. The [-90°, 0°] interval
consistently exhibits the highest RSSI within each sweep and,
correspondingly, the lowest ranging error across all outdoor
setups, whereas the regions around +90° show generally low
RSSI and correspondingly high ranging error. This highlights
a clear link between low RSSI and high ranging error.
Horizontal setup (polarization dominant). Our data exhibit
two RSSI dips separated by = 180°, matching the theoretical
expectation for cross-polarization nulls. This is consistent with
polarization mismatch being the dominant effect in this con-
figuration. However, the dip positions are shifted by =~ 40°
from the expected £90° locations. We attribute this offset
primarily to ground reflections, uneven terrain, and residual
manual misalignment. The angular tone RSSI variation in the
horizontal setup ranges from approximately 10.3dB to 17.1 dB
across configurations, smaller than the variation observed in
the vertical setup (10.7dB to 23.2dB).
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horizontal setups in all three outdoor environments.

B. Algorithmic Artifacts in PBR Ranging

Having linked low RSSI to high ranging error, we now exam-
ine where these errors originate, tracing them to how the rang-
ing algorithm processes the measured channel into a distance
estimate. Distance estimation is performed by Nordic’s open-
source SDK PBR implementation [31]. PBR estimates distance
by measuring the wireless channel between an initiator and a
reflector through the exchange of unmodulated tones across
different frequencies in the 2.4 GHz band. Both devices cap-
ture the in-phase (I) and quadrature (Q) components of the
received signals. To compute the range, these per-channel IQ
samples from initiator and reflector are combined via complex
multiplication, yielding a sampled estimate of the two-way
channel frequency response (CFR). The CFR is then zero-
padded and converted to the time domain using an Inverse
Fast Fourier Transform (IFFT), producing a channel impulse
response (CIR) whose peak locations correspond to propaga-
tion delays and, thus, distances. The CIR is sampled at discrete
points or bins. The finite bandwidth of the BLE CS channel
map limits the CIR resolution in two ways. First, each peak
has a minimum mainlobe width, so closely spaced multipath
components merge into a single broadened peak rather than
appearing as separable peaks. Second, the implicit rectangular
windowing of the IFFT surrounds each peak with sidelobes,
i.e., smaller spurious peaks at fixed offsets from the true one.

Identifying CIR classes. To explain how CIR distortions
affect ranging accuracy, we use representative samples from
a single sweep in STREET (vertical setup) to illustrate CIR
classes (Fig. 7). Each sample is marked at its angular position
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in the top-row plots and linked to its individual CIR and dis-
tance estimate in the bottom plots. We begin with the accurate
classes in the high-RSSI regions (circles, e.g., the orange one
in Fig. 7c), which feature relatively undistorted CIRs, then
focus on the attenuated regions where the high-error classes,
each arising from a specific type of CIR distortion, are more
prominent (triangles and turquoise squares).

Ranging accuracy mainly depends on whether the direct-path
peak is visible and correctly selected. To find the direct-path
peak, the algorithm starts from the strongest peak in the CIR
and searches leftward, toward shorter distances, to favor the
first-arriving path over later multipath. It selects the earliest
peak whose amplitude is above 40% of the maximum, then
measures that peak’s width down to its left null (i.e., where
it falls below 10% of its own amplitude). The algorithm
compares this width against a threshold set by the minimum
mainlobe width (>7 bins), selecting one of two branches.

If the selected peak is narrow, it is consistent with a single
resolved path and its position is refined via closed-form
parabolic interpolation to sub-bin resolution. Four CIR classes
arise: (/) Strong direct path (Strong DP): the direct-path
peak is itself the dominant peak, yielding high accuracy (or-
ange circle; Fig. 7d,e). (2) Weak direct path (Weak DP): the
direct-path peak is not the dominant peak but still exceeds the
40% threshold, so parabolic refinement still yields a low-error
estimate. This covers both a clearly weak direct path (green
circle; Fig. 7e,f) and a strong one that a later multipath peak
exceeds only slightly (blue circle; Fig. 7d). (3) Suppressed
direct path (Supp DP): the direct-path peak is absent or below
the threshold, so the algorithm locks onto a later multipath

peak and overestimates the distance (red triangle; ranging error
visible in Fig. 7a, CIR in Fig. 7e). (4) IFFT sidelobe (Side-
lobe): a windowing sidelobe appears at a shorter distance and
is mistaken for the direct-path peak, causing the algorithm to
underestimate the distance (purple triangle; Fig. 7f). Because
the sidelobe sits at a fixed offset from a propagation-path peak,
this underestimation is consistent across a range of angles and
appears as a band spanning 130° to —130°, i.e., around +180°,
in the orientation sweep (Fig. 7a).

If the selected peak is wide, multiple paths have overlapped
and broadened the direct-path peak into what we term a broad
direct path (BDP). Its maximum occurs later than the true
arrival, so using the peak position would overestimate the
distance. Instead, the algorithm takes the BDP’s left null plus
a fixed offset (half the minimum mainlobe width, 7 bins).
Because both the left null and the offset are measured in whole
IFFT bins, the distance estimates can only take discrete values
spaced ~ 29.3 cm apart, producing the characteristic horizontal
bands in the orientation sweep (squares; Fig. 7b). This yields
two CIR classes: (I) Low-error BDP (LoErr BDP): the
left-null branch returns an estimate close to the true distance
(brown square; Fig. 7g). (2) High-error BDP (HiErr BDP):
in the example (turquoise square; Fig. 7g), a sidelobe overlaps
with the downward slope of the BDP, so its left null is detected
too early, yielding a large ranging error.

Impact and prevalence of CIR classes. Using the six class
labels defined above, we label every ranging estimate in the
outdoor datasets. We assign each sample’s class by combining
the algorithm’s internal branching decisions (BDP vs. non-
BDP), the ground-truth distance, and whether the estimate
is an inlier. To separate inliers from outliers, we compute
the median absolute deviation (MAD) of the ranging errors
following [7]. Under the assumption of a Gaussian inlier
distribution with a long outlier tail, the MAD yields an
estimated inlier standard deviation of & =1.4826- MAD. We
set the inlier/outlier threshold at 36 (1.16 m). This threshold
serves as a surrogate to verify whether the direct-path peak
was selected, and to distinguish low-error (Strong DP, Weak
DP, and LoErr BDP) from high-error classes (Supp DP, Side-
lobe, and HiErr BDP). Finally, the sign of the ranging error
is used to disambiguate the remaining cases: distinguishing
overestimation (Supp DP) from underestimation (Sidelobe).

The accurate classes (Strong DP, Weak DP, and LoErr BDP)
account for 86.58% of samples and have high mean tone RSSI
(—69.6 dBm for Strong DP). By contrast, the high-error classes
(Supp DP, Sidelobe, and HiErr BDP) comprise the remaining
13.42% and suffer from severe degradation: their median rang-
ing errors jump to 2.2-2.8 m (>4x larger than the 0.15-0.54 m
of accurate classes) and their p99 errors jump to 12.6-14.9m
(>10x larger). High-error classes predominantly occur in low-
RSSI regimes (mean tone RSSI from —80.2 to —76.7dBm)
and are highly orientation-dependent (Fig. 8): their relative
frequency reaches > 30.0% in the ranges [—130°, —112°] and
[49.0°,55°], but drops below 5.0% in the ranges [—87°,6°]
and [148°,160°] (i.e., those with high RSSI, see Fig.5). This
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Fig. 8. Relative frequency distribution of CIR classes vs. OWL angle. The
dotted red line (HiErr Freq) marks the boundary separating low-error labels
(bottom three categories) from high-error labels (top three categories).

6x variation in their prevalence confirms that orientation-
induced signal attenuation and polarization mismatch drive the
transition to high-error CIR classes. While our CIR classes
are tied to Nordic’s IFFT-based implementation, we expect
the underlying causes to generalize: direct-path suppression
and peak broadening affect distance estimation in band-limited
channels, while orientation-driven signal-power variations pre-
dominantly affect single-antenna BLE CS hardware.

Taken together, our results demonstrate that the OWL’s
automated sweeps can expose orientation-induced effects
(from antenna-pattern and polarization signatures to algorithm
branching behavior) that would be difficult to identify, let alone
characterize, with manual or coarse-grained rotation methods.

VI. DISCUSSION AND FUTURE WORK

Our results confirm that device orientation largely degrades
BLE CS ranging performance, revealing orientation-dependent
RSSI variations of up to 23.2dB that are compounded by
ranging algorithm artifacts. When propagated through mul-
tilateration, these ranging errors cause a tenfold increase in
median indoor localization error, as shown in Fig. 1. These
findings motivate several directions for future work.

Cross-technology benchmarking. Whilst our study focuses
on BLE CS, the OWL and the methodology used in this
work are generic and technology-agnostic, and can therefore
be reused to benchmark and study the impact of device
orientation across other wireless technologies (e.g., Wi-Fi,
mmWave, and UWB) and transceiver generations (e.g., radios
compliant to IEEE 802.15.4a vs IEEE 802.15.4z [8]). As an
illustrative example, Fig. 9 presents UWB localization results
obtained under the same indoor conditions used for BLE CS
in Fig. 1. We use Qorvo’s DWM3001CDK devkit, configured
with recommended settings, and perform double-sided two-
way rangings on channel 9. Our results show that device
orientation also impacts UWB performance: between the most
favorable and unfavorable device orientation windows, the
median and p99 localization errors increase by 2.2x and 7.4 x.

Adding NLoS conditions to the loop. While our experiments
reveal substantial performance variability, they are conducted
under LoS conditions, which are comparatively favorable.
We expect non-line-of-sight (NLoS) conditions to further
exacerbate orientation effects, introducing stronger multipath
propagation and additional error sources. We will leverage the
OWL to investigate these conditions in future work.
Enabling multi-axis rotation. Antenna patterns span azimuth
and elevation, which single-axis rotation cannot capture. Fu-
ture work will extend the OWL to enable multi-axis sweeps.
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Fig. 9. UWB localization performance using the same setting as in Fig. 1.

Two tag orientation windows and their respective CDFs are highlighted: a
favorable one ([110°,130°]) and an unfavorable one ([—117°,—97°]).

VII. RELATED WORK

Device orientation directly affects the characteristics of the
wireless channel, e.g., by altering antenna gain, polarization,
and phase response—a challenge well-documented by radio
manufacturers. For instance, SilLabs [9] highlighted that po-
larization mismatches caused by changes in device orientation
result in significant ranging bias (up to several meters) in
single-antenna BLE CS setups, and recommended antenna-
path diversity to mitigate these effects. Academic works
confirm such orientation-induced impact, quantifying severe
performance variability, e.g., in RSSI [15], [26].

Device orientation impact on ranging/localization. These
orientation-induced physical-layer variations directly affect the
ranging and localization performance of wireless technologies.
For example, in UWB systems, ranging errors have been
experimentally shown to vary from a 25cm bias (caused by
switching between ideal horizontal and vertical setups [8])
to ~50cm for continuous device rotations introduced using
drones [32]. Similarly, for BLE CS, empirical studies have
observed orientation-dependent ranging errors varying from
mixed horizontal/vertical setup biases [14] to calibration offset
shifts of up to 138 cm for single-antenna setups [7]. Device
orientation was also shown to impact Wi-Fi localization [33]:
ignoring it degrades Wi-Fi fingerprinting accuracy by 10-30%
and increases localization error. To address these challenges,
researchers rely on calibration models (e.g., inferring pose-
dependent variance from first-path power [17]) or antenna-
path diversity [7], [9]. Our proposed tool, the OWL, directly
facilitates the development of such solutions by enabling
an automated collection of large orientation-diverse datasets
that can be used to train robust ranging and localization
models. Even more, the fine-grained datasets collected by the
OWL enable detailed analyses that can reveal weaknesses in
algorithmic implementations, as we have shown in § V-B.

Inferring device orientation. Modern low-power radios sup-
port direction finding. For instance, Bluetooth 5.1 standardized
the use of a constant tone to facilitate angle-of-arrival (AoA)
and angle-of-departure (AoD) estimation. Similarly, new-
generation UWB radios support Phase-Difference-of-Arrival
(PDoA)-based measurements [16], [22]. Whilst many studies
demonstrated the feasibility of AoA/AoD on off-the-shelf HW,
they also highlighted how the accuracy of angular estimations



varies with device orientation. For example, Dotlic ef al. [34]
and Van Herbruggen et al. [22] have demonstrated high
reliability only within a £80° and 4+45° angular window. ML
models can be leveraged to maintain high AoA accuracy de-
spite polarization mismatches and device orientation ambigui-
ties [23], [24], but require high-resolution datasets. Our study
is orthogonal to this body of research: the same methodol-
ogy used to quantify/analyze orientation-induced variability in
ranging and localization can likewise be applied to assess and
address orientation-induced effects in AoA/AoD performance.

VIII. CONCLUSIONS

Device orientation is a major but often overlooked source of
variability in wireless ranging and localization, causing up to
10x differences in localization error. We have introduced the
OWL, a cost-effective system enabling automated, fine-grained
control of device orientation for reproducible measurement
studies. Using the OWL, we have quantified BLE CS ranging
and localization performance as a function of device orien-
tation, attributed the high performance variability to antenna
gain and polarization mismatch effects, and uncovered BLE
CS algorithmic artifacts. By releasing our hardware, firmware,
and datasets, we aim to enable and promote more rigorous,
orientation-diverse wireless localization research.
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