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A myriad of IoT applications, ranging from tracking assets in hospitals, logistics, and construction industries to indoor tracking
in large indoor spaces, demand centimeter-accurate localization that is robust to blockages from hands, furniture, or other
occlusions in the environment. With this need, in the recent past, Ultra Wide Band (UWB) based localization and tracking has
become popular. Its popularity is driven by its proposed high bandwidth and protocol specifically designed for localization
of specialized “tags”. This high bandwidth of UWB provides a fine resolution of the time-of-travel of the signal that can be
translated to the location of the tag with centimeter-grade accuracy in a controlled environment. Unfortunately, we find
that high latency and high-power consumption of these time-of-travel methods are the major culprits which prevent such a
system from deploying multiple tags in the environment. Thus, we developed ULoc, a scalable, low-power, and cm-accurate
UWB localization and tracking system. In ULoc, we custom build a multi-antenna UWB anchor that enables azimuth and
polar angle of arrival (henceforth shortened to ‘3D-AoA’) measurements, with just the reception of a single packet from
the tag. By combining multiple UWB anchors, ULoc can localize the tag in 3D space. The single-packet location estimation
reduces the latency of the entire system by at least 3×, as compared with state of art multi-packet UWB localization protocols,
making UWB based localization scalable. ULoc’s design also reduces the power consumption per location estimate at the tag
by 9×, as compared to state-of-art time-of-travel algorithms. We further develop a novel 3D-AoA based 3D localization that
shows a stationary localization accuracy of 3.6 cm which is 1.8× better than the state-of-the-art two-way ranging (TWR)
systems. We further developed a temporal tracking system that achieves a tracking accuracy of 10 cm in mobile conditions
which is 4.3× better than the state-of-the-art TWR systems.
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1

INTRODUCTION

Localization and tracking applications have been on an increase for various indoor settings ranging from indoor
navigation [66] to asset and personnel tracking for industrial settings like hospitals [1, 11] and construction [18].
To this extent, RF-based systems [27, 46, 55, 65, 80] have been popular as their alternative, VR and camera-based
systems depend on ideal lighting, are sensitivity to blockages, and are very expensive. Amongst these RF-based
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Fig. 1. ULoc: Comparing the traditional UWB localization system to ULoc, showing (a) Low-battery life (180 days) and high
latency (8 packet exchanges) (b) High batter life (876 days) and low latency (1 packet exchange) (c) ULoc’s custom localization
anchor and tag boards, where tag is placed next to a penny, measures only 1.6 × 3.7 cm.

systems, Ultra-Wide Band (UWB) based systems have gained more traction in both industry [1, 8–10, 12–16, 20, 28]
and academia [29, 48, 49, 105] as UWB is developed specifically as a localization-based RF protocol. This traction
from industry and academia has led to the deployment of UWB based systems in smartphones [3], tags [4, 17, 19]
and access points [5] to enable localization in them.
To enable these modern applications along with the localization capability in these modern devices, a new
set of requirements needs to be met. We would next discuss these requirements and show where the current
state-of-the-art does not meet these requirements:
R.1 Low-latency and Real-Time Estimation: Many of the industrial and commercial applications mentioned
above require the location estimates of the UWB tags to be acquired in real-time with a location update rate of
up to a few 100’s of Hz [45, 95] to make time-critical and safety decisions. For example, consider the situation
of an automated robotic arm in an industrial setting that loads and unloads the inventory in close vicinity of a
worker. The localization system should be able to get an estimate of both the robotic arm and the worker in
real-time to be able to avoid any crashes or injuries. While the traditional Two-Way Ranging (TWR) based
UWB localization systems [24, 25, 29, 40, 41, 43, 46, 48, 50, 57, 58, 60, 62, 64, 71, 72, 83, 91, 100, 105] make use of
measurements of Time of Flights as shown in Figure 1a and trilaterate the UWB tag. These algorithms need at
least 12 individual packet exchanges across all the anchors to get the 3D location of a single UWB tag1 limiting
the real-time performance of the system and reducing the location update rate to 76Hz. Thus these traditional
TWR based UWB localization systems cannot be real-time to meet the time-critical and safety requirements
for these applications.
R.2 Infrastructure-aware: In addition, the industrial, construction and hospital settings need the infrastructure
to be able to locate multiple tags for inventory and personnel analytics and management. To avoid collision in
an industrial setting we talked about earlier, for example, the ‘infrastructure’ operating the machinery needs to
know the position of all the equipment and personnel. While, many of the recent systems [46, 49, 61, 74, 84]
reverse the localization from infrastructure-driven to ‘Tag-driven’ to improve the latency compared to the
traditional TWR systems, which have very poor latency as discussed in R.1. These tag-driven systems make
the tag actively transmit and receive from multiple anchors in the environment and depend on the tag to play
a central role in localizing and tracking itself with assistance from the infrastructure and the anchors similar to
GPS localization on a smartphone. Further, this tag-driven localization requires an additional transmission of
14
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each tag’s location back to the infrastructure which would create more traffic and make the management of
multiple tags non-real-time (R.1).
R.3 Long operation lifetime: Further, these tags on personnel or equipment in the industry need to be low-power
to enable long-battery based operation lifetime of these tags. The tag-driven systems discussed above [46, 49,
61, 74, 84], scale well with an increasing number of tags for latency but make the tag power-hungry since all
the computation is performed on the tag end to locate itself. Further, these systems require the tag to passively
listen to the transmissions from multiple anchors in the environment to perform self-localization based on Time
Difference of Arrival (TDoA) [46] or Angle Difference of Arrival (ADoA) [49]. This requires the tag to always
actively listen for and receive incoming packets making the tag 1.8× more power hungry [6] as compared to a
tag that purely transmits beacons and relies on the infrastructure for localization and tracking.
R.4 3D Accuracy: Finally, these UWB based systems need to be able to accurately track the UWB tags to cm-grade
accuracy in 3D to avoid causing damage and crashes for example in the industrial setting we have discussed in
R.1. Furthermore, in these safety-critical scenarios it is essential to be robust even in a corner case (i.e. 90th and
99th percentile error of sub-50 cm) [52, 92]. Unfortunately, most of the state-of-the-art systems [46, 49, 91]
only perform localization in 2D and have had high errors for Non-Line of Sight (NLoS) cases, which cause the
high errors (>sub-50cm) in these corners (90𝑡ℎ and 99𝑡ℎ percentile) cases.
In this paper, we present ULoc, a UWB based 3D system that achieves low-power, real-time, and cm-accurate
tracking. ULoc’s design makes the tag low-power (R.3) by offloading all the complexity from the tag to the
infrastructure and in the process making the location available to infrastructure (R.2). ULoc achieves this by
designing an anchor board that off-loads all the complexity to the infrastructure, that also enables providing the
tag’s cm-accurate 3D location (R.4) in real-time (R.2) with just one single transmission from the tag as shown in
Figure 1b. ULoc thus satisfies the above-described requirements (R.1-R.4) by making contributions on multiple
ends, including tag’s protocol, anchor design, and algorithm design.
Low-Power and Low-Latency tag design: Firstly, In ULoc, we make the UWB tags low-power and low-latency
by offloading all the complexity from the tag to the anchor board that we design. To do that, we enable the anchor
boards in tandem with a back-end infrastructure to locate the tag accurately with a single ‘Blink’ broadcast
transmission. This broadcast transmission is then received by all of the ULoc’s anchor boards in the environment
that can then enable the tag’s location estimation at the infrastructure. We thus, reduce a 12 packet exchange to a
single transmission, making the system real-time. Further, also make the tag low-power by just transmitting
instead of receiving which is 1.8× more power-hungry, and by avoiding adding any compute requirements on
the tag. Thus making the tag low-power and the localization estimation of the tag low-latency.
ULoc Anchor Design: As mentioned earlier, we enable the tag to just broadcast a single ‘Blink’ transmission to
enable 3D accurate location estimation in real-time. We enable this with our ULoc’s anchor board design that
enables ‘3D-AoA’2 estimation at each anchor that is combined across them to get accurate 3D tag location in
real-time. While there have been recent systems [25, 49, 94] that have started looking into AoA based localization
for UWB systems, these are still power consuming (R.3) and do not perform 3D AoA(R.4) estimations. So, the
first contribution of ULoc comes from its custom-built hardware design to enable accurate 3D AoA estimation.
In ULoc, we design an L-shaped 2D antenna array, that simultaneously receives the ‘Blink’ packet transmitted
by the UWB tag across each antenna on each anchor. We further make design adjustments on our hardware to
enable time, frequency, and phase synchronization across all the antennas on a single anchor board to make
accurate 3D AoA estimation at each anchor board. We enable this by designing clock distribution circuits and
timing synchronization circuits that overcome the limitations of the current commercial UWB transceivers [7].
2 Polar and Azimuth angle measurements to enable 3D Localization, so 3D AoA. In literature, often 2D-AoA is used for just estimating azimuth

angle only, as it provides 2D location. Hence, we use ‘3D AoA’ for measuring azimuth and polar angle.
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The readers can find our open-sourced hardware and firmware design updates to enable these accurate 3D AoA
estimates online3 .
ULoc’s Algorithm Design: To enable accurate 3D AoA estimation for real-time localization, in ULoc’s algorithm
design we first utilize ULoc’s hardware design to get the time, frequency, and phase synchronized channel impulse
responses (CIR) of the ‘Blink’ transmissions of the tag across all the anchors. These CIR estimates across all
the antennas for one single anchor board are then utilized to estimate 3D AoA at each anchor. While there are
MUSIC and other high-resolution algorithms that provide accurate multipath-free 3D AoA in WiFi localization
systems [55, 75, 96, 97], these algorithms need to compute heavy Singular Value Decomposition and/or averaging
across multiple packets [55]. In contrast, ULoc takes advantage of the high-sampling rate enabled First Peak
Index(FPI) detection system of the commercial Decawave-chipset [35]. This FPI index is accurate at least 1 nsec
due to the high bandwidth of UWB systems, thus enabling multipath free 3D AoA estimation by using simple
and fast 2D FFT algorithms [59].
Combining Across multiple anchors at the infrastructure: Finally, while this FPI + 2D FFT approach to
estimation provides decently accurate 3D AoA estimates, these are not accurate enough to provide cm-grade
localization and tracking accuracy that is required for our systems. One of the reasons for these inaccuracies in
the 3D AoA estimates provided by FPI + 2D FFT is due to high mobility and sudden change in the multipath
scenarios that lead to leakage of multipath signal power into the direct path tap index estimated by the FPI
algorithm. The second key observation that ULoc makes to overcome this is to utilize the temporal consistency
of these systems, and while Kalman Filtering [70, 93] based approaches can be readily applied, the 3D AoA errors,
we have observed are non-Gaussian in nature. Thus, we develop a novel non-Gaussian temporal tracker for UWB
tag location, enabling ULoc to achieve low-power and cm-accurate 3D localization in real-time.
To evaluate the efficacy of ULoc, we have deployed up to 4 of these anchors in three different 3D spaces with
the ground truth obtained from VR headset [22], with random human motion experiments. First is an indoor
office/home setting space with a lot of monitors, desks, and chairs spanning 10𝑓 𝑡 × 16𝑓 𝑡 × 10𝑓 𝑡, second is a large
indoor open space and the third space is a larger scale indoor setting scenario with clear demarcated boundaries
and few heavy reflectors occurring frequently in a space of 20𝑓 𝑡 × 20𝑓 𝑡 × 13𝑓 𝑡. We have located and tracked our
custom-designed small-form-factor UWB tag (ULoc’s tag), with custom firmware using the same DW1000 UWB
transceiver, under multiple scenarios to achieve the following results:
• Comparing with the state-of-the-art two-way ranging-based localization technique (TWR), ULoc achieves
a median (90th percentile) 3D localization error that’s 1.8× (2.5×) smaller in stationary conditions. Furthermore, in high mobility conditions, ULoc achieves a median (90th percentile) error 3.1× (4.3×) smaller than
that achieved by TWR. This satisfies R.4.
• ULoc also achieves a localization latency of 1 msec per tag location, which is 13× lower than the state of
the art two-way ranging based techniques (TWR) that can at the best give a localization latency of 13 msec.
Thus showing the scalability of ULoc. This satisfies R.1.
• ULoc can achieve this localization latency and accuracy with minimal power consumption wherein, ULoc’s
algorithm consumes 31 𝜇 𝐽 of energy for one location estimate and the state of the art two-way ranging
based trilateration algorithm (TWR) consumes up to 286 𝜇 𝐽 of energy per location estimate. This satisfies
R.3.
• ULoc can track multiple tags in real-time without any loss in its accuracy. We show this via simulating a
simple medium access control (MAC) protocol and testing 4 co-located tags in an office environment. This
satisfies R.2.

3 https://github.com/ucsdwcsng/ULoc-public
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With these results, we show that ULoc makes the following key contributions to UWB-based 3D localization.
First, we expand on existing 2D-FFT-based algorithms for polar and azimuth angle estimation to provide fewcentimeter accurate tracking even in high-mobility conditions in Section 2. Second, we develop multiple UWB
transceiver designs that enable accurate angular estimation in both azimuth and polar in Section 3. Further, we
robustly test ULoc’s algorithm and platform in a variety of mobility and environment conditions in Section 4.
Finally, we present our intended future work to tackle some of the existing limitations in Section 6.

2

ULOC’S ALGORITHM AND PROTOCOL

In this section, we present the details of ULoc’s protocol and algorithm design that enables ULoc to be low-latency,
low-power and cm-accurate 3D localization. As described in section 1, one of the ULoc’s contribution that
enables these features is its novel anchor board design which is described in section 3. This hardware design in
tandem with the tag’s protocol of single ‘Blink’ transmission that enables infrastructure-aware tag localization by
transferring all the complexity from the tag to the anchor. We first detail this protocol of the tag that enables this
low-power and low-latency localization in section 2.1. After we present the protocol design on the tag that enables
low-power and low-latency localization, we then do a deep dive into our algorithm design of the computations at
each individual anchors that enables real-time 3D AoA estimation in section 2.2. Finally, we present how the
infrastructure combines these real-time 3D AoA estimates from multiple of the ULoc’s anchor boards to achieve
cm-accurate 3D location at the infrastructure for all the tags in the environment in section 2.3.

2.1

Enabling Low-power and Low-latency Tag Design and Protocol

In ULoc, we design our UWB tag to be low-power and enable low-latency location updates. To enable the above,
we would first summarize the trade-off in the current UWB based localization systems. Firstly, UWB transceivers
consume 1.8× more power while receiving than while transmitting [6], clearly showing that the tag should be
transmitting more than receiving. A more detailed description and comparison of these power-consumption
metrics can be found in appendix B. Furthermore, traditional TWR systems [31, 32, 46, 49, 72, 91, 103] employ at
least 12 packet transfer including running the tag in receiver mode continuously to perform localization making
the tag, power consuming and the system, high-latency. While, recent systems [31, 32, 46, 49, 72, 91, 103] are
‘tag-driven’ to ensure low-latency where only the tag knows its location, making the tags require compute and
thus power-hungry. Further the tag has to receive simultaneously from multiple anchors and should constantly
be on listening mode, making it hard for it duty cycle its sleep mode and also as mentioned earlier that receiving
consumes more power. Thus, we see a trade-off of low-power for low-latency in the current UWB localization
systems by enabling infrastructure-aware and infrastructure-driven tag localization in contrast to the more
power-hungry ‘tag-driven system’.
Taking this trade-off into account, we design a low-power and low-latency system by pushing the complexity of
location computation and scheduled packet transfer protocols onto the Anchor or the infrastructure of our system.
We enable this by enabling a localization protocol, wherein the tag just needs to transmit a one-single packet
to let the infrastructure figure out the location of the tag. These single packet tag transmissions are received at
multiple ULoc anchors spread across the environment, which compute the azimuth and polar angle-of-arrival of
the signal (3D-AoA). The 3D-AoA estimates across multiple anchors are then used to locate the tag in real-time.
Furthermore, we can enable blink without modifying the UWB protocol as follows, in ULoc’s protocol, the
first time the tag is booted, it initiates standard protocol compliant repeated transmissions (Blinks) to inform the
infrastructure of its existence. Upon discovery of the tag, the anchors transmit Range-Init response as is common
with the UWB protocol. During the Range-Init transmission, the anchors program the tag to only transmit a Blink
at a periodic interval to enable accurate localization of the tag. Thus, the tag only needs to transmit only one
Blink message to let all the ULoc anchors receive it and locate it simultaneously. This removes compute from the
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 5, No. 3, Article 140. Publication date: September 2021.
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tag reducing the power-consumption on the tag. Additionally, this Blink interval can be modified based on the
number of co-located tags in the environment to avoid packet collision. Finally, as mentioned earlier, the 3D AoA
and the tag location estimations are performed at the infrastructure removing all complexity from the tag.
Thus the single ‘Blink’ transmission-based protocol makes the tag last longer up to 2.4 years, compared to the
state of the art tag driven systems [31, 32, 46, 49, 72, 91, 103] that only last as long as 4 months, or the traditional
TWR based systems [24, 40, 41, 60]that last only 3.1 months. Further, this protocol also makes the location update
rate real-time for ULoc with a latency of only 1msec for each location for a tag, where the traditional UWB
systems have a latency as high as up to 13msec.

2.2

ULoc’s Anchors Algorithm: Real-time 3D AoA Estimation

In ULoc, we thus use the above-described tag protocol in tandem with ULoc’s novel 8-antenna L-shaped anchor
board design shown in Figure 1b to estimate 3D AoAs by making simple and smart design choices that make our
final localization real-time, low-power, and cm-accurate. A detailed description of ULoc’s hardware is described
in section 3, ULoc’s anchor boards shown in Figure 1b enable accurate time, frequency, and phase synchronization
necessary for accurate 3D AoA estimation [55, 59, 97].
In this section, we first tackle the issue of making the 3D AoA estimates in real-time using our anchor board
design. ULoc’s AoA estimation design is inspired by the decade long research in WiFi-based systems that use
algorithms such as MUSIC [76, 97], SpotFi [55], ESPRIT [75], and FFT inspired algorithms [26, 59, 96] that
estimate the 2D AoA of the incoming signal at the receiver. In a similar vein, authors [59] extend to 3D AoA
estimates by employing a two-dimensional antenna array at the receiver. Unlike UWB systems, WiFi-based
systems struggle with limited bandwidth (20-80MHz) that make multipath resolution challenging for WiFi-based
localization systems. More specifically due to limited bandwidth, the WiFi-based systems can resolve direct-path
from multipath only when they are separated by more than 3.75m.
To tackle this, authors [55] have used novel CSI-smoothing and 2-D MUSIC algorithms to achieve multipath
resolution. More specifically, MUSIC-based algorithms estimate auto-correlation and then use the SVD to define
the noise space. The signal-projection orthogonal to this noise space leads to the parameter (like 3D-AoA)
estimate [55, 97]. Further, most of these MUSIC algorithms perform combining of data across space/antennas [97]
or across time/packets [55] to achieve decimeter level localization performance.
In ULoc, we want to minimize the latency and so firstly we would not want to average across multiple packets
to compute the auto-correlation as that increases the latency for single location computation. Unfortunately
though, without averaging and using only one packet leads to noisy estimates for auto-correlation and thereof 3D
AoA values. We further present the same in our evaluation Figure 10c. Secondly, the SVD computation involved
in MUSIC requires an 𝑂 (𝑛 2 ) floating-point operations, whereas the FFT-based algorithms [26, 59] (if the direct
path can be identified) requires only 𝑂 (𝑛 log(𝑛)), where 𝑛 is the number of input data points. Based on these
observations we choose to rely on FFT-based algorithms for ULoc’s 3D AoA estimation.
Above, we assume the FFT-based 3D AoA estimation that we can extract the direct path’s tap across all the
antennas from the given CIR information from each antenna of our anchor board. To get the direct path’s tap
across all the antennas we rely on the design of the antenna chipset [7]. These antenna chipsets provide the
First Path Index (FPI) which is the direct path’s index as the direct path travels the least amount of time. This
FPI estimate provided by the antenna chipsets has a resolution of up to 1 nanosecond. In Figure 2(a), we show
the channel magnitude measured across four antennas at ULoc’s anchor in the absence of any multipath. We
compute the likelihood profile (shown next to it) of the azimuth and elevation angle of arrival at this time-index
(FPI) and observe that the 3D-AoA estimate (blue circle) matches closely with ground truth (purple triangle).
Thus, FPI provides a reasonable estimate of the direct path and therefore it could be used with FFT-based 3D
AoA estimation. Based on these observations we extend the FFT-based 3D AoA estimation presented in [59] to
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fine-time resolution allows ULoc to robustly resolve for multipath in the environment.
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Fig. 3. (a) Intuition: (𝑡 = 461): Shows likelihood map with existent correct peak indicated by red triangle. (𝑡 = 462): Shows
likelihood map with existent, but fading correct peak. (𝑡 = 463): Shows likelihood map with correct peak non-existent. (b)
AoA error distributions: Shows the error distributions and their corresponding Normal fit performed on errors for UWB
based measured angle of arrivals before applying ULoc’s AoA tracking algorithm (called UWB), we can see that the errors in
angle of arrival is very weak fit because of high errors at the tails. And after applying ULoc’s AoA tracking algorithm (called
ULoc) we can see that the AoA errors are normally and tightly distributed.

FPI + 2D FFT-based 3D AoA estimates in real-time. We present a more formal mathematical formulation and the
axis representation we use to achieve our FPI + 2D-FFT based 3D AoA estimates for our L-shaped anchor board
design in Appendix Section A.

2.3

Accurate, Real-time 3D AoA Estimation

The above 3D AoA estimates (𝜃 UWB, 𝜙 UWB ) are provided in real-time and are more accurate than MUSIC-based
estimates without averaging. Unfortunately, we observe in a few 90𝑡ℎ percentile data samples that when multi-path
gets closer it disintegrates into two theta-phi values and our initial assumption of FPI capturing the direct path
is invalid. To understand this better we show few examples of these 90𝑡ℎ percentile cases with close multipath.
We expect that each consecutive antenna would see a constant phase difference for the vertical or horizontal
antenna array. If we have these constant phase differences, the theta-phi likelihood-map would have a single
peak. This single peak provides a confident estimate of the azimuth and elevation angle-of-arrival. Unfortunately,
in certain scenarios, close existing multipath in the channel can corrupt the phase difference between some pairs
of antennas. This will result in multiple ambiguous peaks in the theta-phi likelihood-map shown in the profile in
Figure 3(a). In a few more instances the peak corresponding to the actual ground truth completely vanishes as
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 5, No. 3, Article 140. Publication date: September 2021.
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Fig. 4. Overall Algorithm Flow: Given the initial input likelihood-maps across N-anchors from Eq 5, separately determine 3D
AoA and triangulate and find ULoc localization. Lower block gives an in depth view of how the temporal tracker takes input
likelihood-maps from Eq 5 to find a cleaned 3D AoA. We refer to the anchors as "APs" in this figure.

shown in Figure 3(a)(𝑡 = 463). These erroneous peaks can lead to incorrect 3D AoA predictions, particularly in
high mobility situations where the peak can move greatly throughout the likelihood-map within a single time
instance.
To overcome this phase distortion, we leverage the continuous nature of human or object motion in the
environment and choose to utilize this to our advantage to track the 3D AoA predictions over time. While a
simple solution would be to pass the 3D localization estimates predicted using the 3D AoA based trilateration
estimates from multiple of ULoc’s anchor boards through a simple Kalman Filter [70, 93]. While these algorithms
try to model the errors in the 3D localization to track the user accurately over time, they do not accurately model
the underlying error distributions of the 3D AoA systems. One of the major reasons for these errors is that these
3D AoA errors are non-Gaussian as shown in Figure 3(b).
The non-Gaussian error distribution of AoA based systems can be attributed to the fact that AoA estimation
algorithms equate the phase difference to sin() and cos() of AoA, therefore resulting in higher error for 𝜃 and 𝜙
at angles close to +/−90◦ . This non-uniformity of AoA results in high errors at angles beyond ±60◦ leading to a
non-Gaussian-like spread towards the higher end of the angular spectrum. Hence, we observe an over-estimation
in the error of the measurements and a poorer fit of the Kalman filtered path.
A brief design of the novel temporal tracking algorithm employed in ULoc is depicted in Figure 4. The first and
foremost intuition is within the temporal tracker that tracks the user over-time by estimating the user’s velocity
from the previous 𝑁 (= 7) estimates, and uses that to predict the user’s next location, based on the optimized
user location from the previous temporal estimate. In our temporal tracker, we utilize the global maxima peak
for the previous 𝑁 time instances rather than our optimized prediction from the previous instances. We take
this approach to overcome the case that no good peak exists for an extended period of time, for when using our
previously optimized peak would rely mostly on the low inertial cleaned prediction. This could result in our
optimized prediction drifting off forever in the direction it was last moving. For example, consider the peaks
shown in Figure 5(c), where the correct peak disappears. This disappearance of the peak over multiple packets
with the optimized prediction would continue to drift on the same course with the same velocity as the last
measurement.
To define the temporal tracker more formally, let us consider the maxima peaks derived from our algorithm
in section 2.2 at time instances (𝑡 − 𝑛), 𝑛 = 1, 2, · · · , 𝑁 (= 7) for all the 𝑁𝑎𝑝 anchor boards in the environment,
UWB
(𝜃 𝑡UWB
−𝑛 , 𝜙𝑡 −𝑛 ). We then estimate our Maxima 3D XYZ positions by simple trilateration [55, 97] (𝑋𝑌 𝑍 (𝑡)), which
are then utilized to get the estimate of the approximate velocity of the UWB tag 𝑣 temporal(𝑡 ) . Using this velocity
along with the previous instant’s predicted location, 𝑋𝑌 𝑍 temporal(𝑡 −1) the temporal tracker predicts the location
of the current instant 𝑋𝑌 𝑍 temporal (𝑡) as 𝑋𝑌 𝑍 temporal (𝑡 − 1) + 𝑣 temporal (𝑡) ∗ Δ𝑡, which is then remapped to the 3D
AoA estimates for all the 𝑁𝑎𝑝 anchors in the environment as (𝜃 𝑡cleaned , 𝜙𝑡cleaned ).
Depending on the temporal tracker alone can be harmful as we can completely neglect the current 3D AoA
estimation profile, which would lead to incorrect predictions during sudden changes in direction and orientation
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of the tag motion. Thus in addition to the temporal tracker, we use the prediction of the temporal tracker
to estimate the closest peak to it amongst the peaks in the current profile in the ‘Closest Peak Finder’ block
shown in Figure 4. We perform this operation to weigh our trust over the current profile as well, and not rely
completely on the temporal tracker alone. We then take a weighted average of both the temporal tracker 3D AoA
estimate (𝜃 𝑡cleaned ,𝜙𝑡cleaned ) and the closest peak finder 3D AoA estimate (𝜃 𝑡close , 𝜙𝑡close ) to get accurate real-time 3D
AoA estimate of ULoc, (𝜃 𝑡ULoc , 𝜙𝑡ULoc ). These weights, 𝑊reliability (<1) define the reliability of the current 3D AoA
estimates of our temporal tracker (𝜃 𝑡cleaned ,𝜙𝑡cleaned ).
Weight Generation: The weighting factor (𝑊reliability ) describes the error distribution of each likelihood-map,
using the weights (peaks, angular, and distance) to account for non-Gaussian 3D-AoA errors. The weights
themselves (𝑤 𝑝,𝑡 , 𝑤 𝑎,𝑡 , and 𝑤 ,𝑡 ) are averaged to determine the weighting factor. The three weights take in three
inputs: theta cleaned, theta close, and the number of peaks in the likelihood-map at time t. The first weight
(𝑤 𝑝,𝑡 ) counts the number of peaks in the likelihood-map, and grants less reliance on theta close as the number of
peaks increase. The second weight (𝑤 𝑎,𝑡 ) accounts for erroneous 3D-AoA estimation following Eq 5 close to ±60◦ ,
granting less reliance to theta close as the average estimation between theta cleaned and theta close approaches
3D-AoA extrema. The third weight (𝑤𝑑,𝑡 ) compares the difference between theta cleaned and theta close, granting
less reliance to theta close as the difference increases. Given the high inertial behavior of theta cleaned, this
weight accounts for large instantaneous changes in the likelihood-map, particularly in disappearances of the
correct peak.
Re-Initialization of Temporal Tracker: A final consideration in determining accurate 3D-AoA is re-initialization
of theta cleaned (𝜃 𝑡cleaned ). Given the differential determination of theta cleaned, drift may occur and cause highly
erroneous 3D-AoA estimation. It thus becomes necessary to re-initialize our theta cleaned estimation alongside
reliable theta close (𝜃 𝑡close ) estimations. Theta close is considered reliable when within ±60◦ , and the weighting
factor is within 0.35 (𝑊reliability <= 0.35). Under these conditions, we set theta cleaned to be the same as theta
close, 𝜃 𝑡cleaned = 𝜃 𝑡close .
ULoc 3D-AoA: ULoc’s final 3D AoA determination is given by Eq 1 below.
𝑈 𝐿𝑜𝑐
cleaned
close
𝜃 𝑘,𝑡
= 𝑊reliability𝜃 𝑘,𝑡
+ (1 − 𝑊reliability )𝜃 𝑘,𝑡
;

where, 𝑊reliability =

𝑈 𝐿𝑜𝑐
cleaned
close
𝜙𝑘,𝑡
= 𝑊reliability𝜙𝑘,𝑡
+ (1 − 𝑊reliability )𝜙𝑘,𝑡

(1)

(𝑤𝑑,𝑡 + 𝑤 𝑝,𝑡 + 𝑤 𝑎,𝑡 )
∈ [0, 1]
3

𝑈 𝐿𝑜𝑐 is the final theta estimation for anchor 𝑘 ∈ {1, 2, · · · , 𝑁
where 𝜃 𝑘,𝑡
𝑎𝑛𝑐ℎ𝑜𝑟 } at time index, 𝑡. Thus ULoc achieve
accurate Real-time 3D AoA estimates from a single anchor board

2.4

Accurate, Real-time 3D Localization

For a multi-anchor setup ULoc’s anchors do not need to perform any TWR measurements, & simply employ a
standard triangulation algorithm using the accurately tracked 3D AoA estimates (𝜃ˆ𝑘 , 𝜙ˆ𝑘 ) from multiple anchor
points (∀𝑘 = 1, 2, · · · , 𝑁𝑎𝑛𝑐ℎ𝑜𝑟 ). where we define the line 𝑙𝑘 starting from the anchor’s location, x𝑘 in the direction
of (𝜃ˆ𝑘 , 𝜙ˆ𝑘 ) as
𝑙𝑘 ≡ p𝑘 = x𝑘 + 𝑡 𝑣®𝑘

(2)

where, p𝑘 is any point along the line 𝑙𝑘 for a given translation of 𝑡 away from the known point on the line,
x𝑘 , and 𝑣®𝑘 = [sin (𝜙ˆ𝑘 ), cos (𝜙ˆ𝑘 ) sin (𝜃ˆ𝑘 ), cos (𝜙ˆ𝑘 ) cos (𝜃ˆ𝑘 )] is the unit vector defined in the direction defined by
(𝜃ˆ𝑘 , 𝜙ˆ𝑘 ). With this definition of the line,𝑙𝑘 , we can estimate the location of the tag x𝑡𝑎𝑔 as
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x𝑡𝑎𝑔 = argmin
x

𝑁𝑎𝑝
Õ

(x𝑘 − x)𝑇 (𝐼 − 𝑣®𝑘 𝑣®𝑇𝑘 ) (x𝑘 − x)

(3)

𝑘=1

where 𝐼 is an 3 × 3 identity matrix. Using this formulation we can perform much faster accurate 3D localization
that is at least 20× faster than a standard TWR based localization algorithm.

3

ULOC’S HARDWARE, SOFTWARE DESIGN AND SOFTWARE PLATFORM

In the previous section, we assumed that ULoc’s platform can provide anchors, which can measure the 3D
angle-of-arrival for any UWB transmission. In this section, we would present details of ULoc hardware design,
firmware design and tag design, wireless calibration and data processing to enable a real-time operation. ULoc
platform would be open-sourced allowing the community to build large scale anchors to be forefront of this
exciting direction in indoor 3D localization.

3.1

Anchor Hardware Design

The goal of ULoc anchor is to achieve 3D AoA by receiving single packet from the tag. To measure accurate
3D AoA, we need to measure the relative phase difference in the channel impulse response between all the
antennas accurately. It therefore requires all the antennas which are connected to the transceivers on a ULoc
anchor to be synchronized in time, frequency, and phase. However, note for ULoc to work, the multiple ULoc
anchors deployed in environment don’t need to be synchronized, only the transceivers on each anchor needs
to be synchronized. In this subsection we detail ULoc’s anchor hardware designs to achieve these goals. The
open-source ULoc anchor hardware design would enable the community to quickly develop and experiment on
synchronized multi-transceiver UWB anchors.
L-shaped Antenna Array: Each ULoc anchor contains 2 orthogonal arrays of commercial, off-the-shelf DWM1000
UWB transceivers, with 4 modules in the horizontal direction and 4 modules in the vertical direction as shown
in Figure 5(b) to measure theta-phi AoA. Additionally, the anchor has a micro-controller, a clock distribution
network/synchronization circuit, and power supply circuits. The anchor measures 16.0 × 13.4 centimeters. The
DWM1000 module contains the DW1000 UWB transceiver chip and a ceramic antenna, along with supporting
circuits [7]. One of the most important factors to consider while designing the L-shaped antenna array is to factor
in the polarization of antennas in both linear arrays. Although these two linear arrays are perpendicular, we
need to make sure that all the antennas are oriented the same way. Given that the form factor of each DWM1000
module is 1.3 × 2.3 cm, we place the modules in the same orientations such that all adjacent antennas are 3.3 cm
apart, which is the half wavelength for the 4.4928-GHz channel in ULoc system, which provide distance between
the antennas less than half a wavelength necessary to achieve unique theta-phi estimates.
Coordination of Transceivers in the anchor: In a normal UWB ranging system, each UWB transceiver is
controlled by an individual microcontroller to handle the protocol and timing. A straight-forward way to build a
multi-transceiver anchor is to have multiple such transceiver-microcontroller pairs, and then a central controller
to command and time them to work together. However, this quickly makes the system expensive and complex
with multiple asynchronously-running microcontrollers making timing extremely tricky. Instead, as illustrated in
Fig. 5a, ULoc uses one single STM32F446RCT6 ARM Cortex-M4 microcontroller (MCU) [82] to control all of the
DW1000 UWB transceivers.
The DW1000 chips and the MCU communicate via two 20 MHz Serial Peripheral Interface (SPI) buses, which is
the highest speed supported by the chip, with 4 chips on each bus. The MCU selects the chips to communicate on
the SPI buses in a round-robin manner, using 8 of its general purpose input/output (GPIO) pins connected to
respective chip’s chip select (CS) pin. Therefore, to communicate with a specific transceiver, the MCU asserts the
GPIO pin connected to the respective transceiver’s CS pin, and then starts communication on the SPI bus. In this
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Fig. 5. ULoc Anchor Board: (a) Shows system design for anchor PCB. (b) Shows picture of anchor PCB bottom side with
L-shaped antenna array and clock distribution network. (c) Shows ULoc’s anti-racing SYNC circuit logic design

setup, all the transceivers are made to work together and the MCU can handle the communication protocol as if
they were one unified transceiver.
Furthermore, when Tx / Rx event occurs at a transceiver, it asserts its interrupt request (IRQ) pin to notify the
MCU of the event so that the MCU can take action accordingly. Due to the limited amount of GPIOs on MCU and
considering the scalability of using a different number of transceivers on an ULoc anchor, we connected the IRQ
pins of all 4 transceivers on each SPI bus to an OR gate before connecting to a MCU input pin.
Clock Distribution and Synchronization: Under ideal circumstances, AoA should be derived from transceivers
that share the same carrier clock, so that frequency and phase reference are consistent across all transceivers.
However, in practice, each UWB transceiver chip generates a carrier clock with its own phase-locked loop
(PLL), all of which runs independently with slightly different frequency and phase offset. Fortunately, since the
PLL on each transceiver eventually aligns the carrier clock phase to the phase of the reference clock, we can
synchronize the carrier frequency and phase by feeding the same reference clock to all the transceivers. The
quality of synchronization depends on the quality of the reference clock signal; hence we use clock buffers and a
carefully designed distribution network to avoid long clock traces running across the board, giving the reference
clock signal the best quality we can achieve.
The clock on ULoc anchor is generated with an Abracon ASTXR-12-38.4MHz temperature compensated crystal
oscillator (TCXO) [23], whose output is level-shifted to 3.3 V, and then buffered/fanned out with Microchip
PL133-37 clock buffers [68], before being fed into each transceiver. All clock traces are measured and meandered
if necessary, as shown in Fig. 5b, to ensure the same distance that the clock signal travels from the TCXO to
each of the transceivers. Note that each DWM1000 module comes with a crystal preinstalled as its clock source,
so to feed all the modules with the same clock, we removed the metal shields on the modules and removed the
preinstalled crystal. Then to connect each DW1000’s clock input to the clock distribution network, we solder a
wire from a pad connected to the clock buffer on anchor PCB, to a pad on the module where the removed crystal’s
output is.
The UWB transceiver provides an additional SYNC signal input, which can be used to reset the timestamp in
each transceiver to keep them aligned. The SYNC signal is sampled at the rising edge of the reference clock signal
[6]. However, without special prevention, SYNC signal can sometimes become asserted when the reference clock
is close to a rising edge, and due to inevitable subtle differences in the delays in the reference clock distribution
network, different transceivers could sample the SYNC signals at different reference clock cycles, which introduces
an offset in the timestamps. Such an offset might be compensable in software as it can only be one reference
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clock cycle, but there is a simpler way to eliminate it from the source: we can use the logic shown in Figure 5(c)
to ensure SYNC is asserted only during the falling edge of the reference clock, giving it maximum clearance from
rising edges of the clock. We chose this solution due to its simplicity and reliability.
Therefore, ULoc anchor achieves all the required time, frequency, and phase synchronization via 1) Driving
the transceivers from the same clock source; 2) performing wired timebase synchronization on PCB.
PCB Layout: To ensure the quality of the clock signal, ULoc anchor is manufactured on a 4-layer controlled
impedance PCB, with all critical elements including the DWM1000 modules, 38.4-MHz oscillator, clock distribution
network, and synchronization circuits placed on the same side of the PCB. Furthermore, the clock trace impedance
is calculated based off the trace width and PCB material, and proper termination resistors were added in series
next to the clock buffer 20Ω output pin, so that the clock buffer output impedance matches the trace impedance,
to avoid unwanted clock signal reflections [68].
Power Distribution: The anchor board also contains multiple 3.3-V low-dropout voltage regulators (LDO) to
supply the MCU and the UWB transceivers, which are fed by an external DC power supply. Three AP1117-3.3V
1𝐴 LDOs [36] are used to power MCU, vertical 4-transceiver array, and horizontal 4-transceiver array. Multiple
AP2112-3.3V 600𝑚𝐴 LDOs [37] are used in proximity of each clock buffer chip.
The anchor has a high peak current consumption that produces sharp current spikes at more than 1𝐴, due
to the fact that all 8 transceivers receive the packet from tag at the same time. To mitigate voltage dropping in
supply rails due to the current spike, we place 6-V power supplies close to each anchor, so that the supply voltage
would not go below the minimum input voltage of the LDO (4.7 V), and result in transceiver power instabilities
causing issues such as frequent receiver errors. Moreover, careful power decoupling is also added on the PCB in
proximity to all the power inputs. The decoupling circuit involves appropriate parallel decoupling capacitors
depending on the IC requirement, and bead in series, to mitigate power rail high frequency noise.

3.2

Anchor Firmware Design

The anchor firmware is based on Decawave’s firmware for TREK1000 development kit [33], which provides
a demo TWR anchor and tag implementation, with one transceiver-MCU pair. As specified in the firmware
package’s source code documentation, the firmware implements a state machine handling different transceiver
states including setting up transceivers, sleeping, setting up Tx parameters, enabling Rx, receiving Rx data, etc.
Coordinating Multiple Transceivers: As discussed in section 3.1-Transceiver Coordination, ULoc anchor
connects 8 transceiver modules to one single MCU via two SPI buses, and the 4 modules on each SPI bus
has their IRQ pins passed through an OR gate to an MCU input port. To enable the MCU to control all transceivers
in a synchronous fashion, we modified the firmware to stores states for each transceiver separately in memory.
To achieve this, we create an array of DW1000 Instances – a data structure that stores the state information,
configuration, and all data for one transceiver. Therefore, the MCU can traverse this array to access state
information and communicate with the respective transceiver.
Further details on exact implementation of extracting data and outputting it to the infrastructure are detailed
in appendix C.1. Using this pipeline we obtain the FPI index and FPI-1 to FPI+5 to perform raised cosine based
upsampling for better resolution around the direct path’s tap. These 7 CIR taps are then received by individual
Raspberry Pi’s [73], which communicate with a central server that computes ULoc’s location estimates.

3.3

Tag Design

ULoc can work with any UWB tag. We also design a low form factor tag to allow us to attach to any sensor or
any object as necessary. The ULoc tag design is very simple and resembles a conventional UWB tag since the
anchor handles all the complexity. In ULoc, the tag only transmits standard UWB blink message periodically,
after the standard discovery phase. The periodicity is programmed by the anchor/infrastructure network.
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Fig. 6. (a) Shows phase differences measured across a period of 25 minutes with the tag kept stationary at zero AoA, with
anchor (AP) disconnected from power and connect again at 20 minutes mark. (b) Shows the temperatures measured at the
individual antennas on board in the same measurement as (a). The phase difference remains stable after restarting the host
software (black vertical line), given that the temperature stays constant. (c) Shows the erroneous AoA measurements before
wireless calibration and how 0-AoA based wireless calibration has stabilized our AoA measurements.

Tag Hardware ULoc tag has an STM32F072CBT6 ARM Cortex-M0 MCU [81] that interfaces with a single unmodified DWM1000 module. For simplicity, the tag receives power via a power bank through the micro USB connector.
In the future, the tag can have a battery attached directly to it, and IMU/barometer sensors could be added as well.
The IMU sensor could enable accurate real-time tracking of the tag. The whole tag measures 1.6 × 3.7 centimeters
as shown in Figure 1c.
Multi-Tag Firmware The tag firmware is also based on Decawave’s TWR firmware for TREK1000 development
kit. We stripped down the code to have a basic functionality, i.e. support for discovery, poll, and blink packets at
fixed intervals, while each anchor passively listens for them with its 8 antennas. The tag’s unique hardware ID is
embedded into the blink packet so the anchor can correctly identify different tags when multiples of which are
present.

3.4

Wireless Calibration

To verify whether the on-board synchronization works perfectly, we have placed a tag at a zero theta-phi AoA
relative to an anchor, and collected CIR packets for 1 hour. Ideally, the phase difference from different transceivers
should be 0 when theta-phi AoA are both zero (section 2.2) after the synchronizations detailed in section 3.1. The
results for first 25 minutes4 is shown in Fig. 6(a,b). We can see that 1) due to inevitable differences between the
transceivers, a carrier phase offset exist which results in non-zero phase difference observed between adjacent
transceivers at zero AoA; 2) while the phase differences drift in the first 8 minutes of the first bootup of the board,
as temperature rises, the phase and temperature start to settle simultaneously afterwards; 3) the offset is not
affected by power cycling anchor boards which was performed on the 20 minute mark.
Therefore, ULoc must perform a one-time wireless calibration to measure such phase offsets, so that it could
be subtracted from all measurements even after reboot, which to best our knowledge has not been demonstrated.
The calibration process takes around 10 minutes considering the temperature stabilization period, and any actual
location measurement should also be done after the anchor’s temperature stabilizes for best performance. In the
future, temperature can be sampled with the on-chip temperature sensors in DWM1000 and MCU STM32F446RCT6
4 The

results appear to be the same flat line after the initial 10 minutes
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Fig. 7. ULoc was evaluated in three spaces referred to as (a, d) Env-1 (b) Env-2 (c, e) Env-3, each with varying amount of
complexity, reflectors and naturally occurring environments. The blue-shaded regions are explicit large reflectors in the
environment. The green-shaded regions are the ULoc Anchors. The yellow shaded regions are the UWB Tags. The red stars
in (d) refer to the points where stationary data collection was performed. In all other cases, the tag is always held by a user
who is making random motions with varying speed.

to allow automatic correction of such offsets even in environments with unstable temperatures. Fig. 6(c) shows
the effect of the zero AoA based wireless calibration.
In summary, the 7 CIR taps from each anchor are received and are upsampled using a raised cosine filter by 8
times, which in-lieu with FPI at 15.65 FPI can then be used to extract a more accurate direct path tap. We then
perform the SFD and wireless AoA calibration as discussed in section 3.4 to these 8 CIR direct path values from
the 8 antennas of one anchor across all the anchors in the environment. This CIR is then utilized to perform 3D
AoA estimation, and final 3D localization as described in section 2

4

EVALUATION

ULoc’s system design makes contributions in both hardware and algorithm design. ULoc’s algorithm design
enables triangulation based accurate 3D localization and tracking for real-time systems. We evaluate ULoc in
three different real-world environments and discuss ULoc’s localization and tracking results in Sections 4.1- 4.3.
We show that ULoc outperforms state of the art median tracking error by at least 3× and achieves accurate 3D
tracking with a median RMS error of 8𝑐𝑚 in 3D, and outperforms state of the art median stationary condition
error by 1.8×, with a median error of 3.6𝑐𝑚. We then evaluate the latency and power consumption of ULoc
compared to the state of the art UWB based localization algorithms in section 4.4 and section 4.5 respectively.
Additionally, ULoc’s hardware design makes 3D AoA measurements possible from commercially off the shelf
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Fig. 8. Mobile tag tracking predictions: Shows the scatter plot of tracking predictions when the Tag is handheld and moved
in (a) Env-1 (b) Env-2 (c) Env-3.

devices. Thus, in order to evaluate ULoc’s hardware design, we present Micro-benchmarks and Ablation studies
in Section 4.6.
Test Environment: In the subsequent sections, we evaluate ULoc thoroughly in three real-world environments
shown in Figure 7 and the tag moving at different velocities. Across these environments, we have collected over 10
days with a cumulative of over 300,000 locations. The first environment is a standard office setting with multiple
natural reflectors spread out in the environment. Environment 2 and 3 are small and large warehouse-like indoor
spaces with multiple strong reflectors as detailed in Figure 7(b, c). We deploy four ULoc Anchors in each of these
environments. Each anchor is connected to a Raspberry Pi to record the UWB packets. Next, we set up the HTC
Vive [22] system in the environment, and measure the positions of the anchors using the Vive trackers and laser
markers. Next, we mount the ULoc tag to an HTC Vive [22] controller and use the locations furnished by the VR
system as a viable source of ground truth [30] to compare ULoc’s 3D localization and tracking predictions. We
also note that at anytime the testing happens within a 6 𝑚 × 6 𝑚 space due to limitation of HTC vive, we move
around HTC vive setup to test in large environment like Env-3, with proper groundtruth calibration.
Baselines: Within these environments, we compare ULoc with state-of-art and commercially available Pozyx [16]
in both stationary and moving conditions. We also compare ULoc’s azimuth angle predictions with that of the
PDoA kit’s [38]. Through this extensive data collection and testing, we have robustly tested ULoc’s 3D tracking
and localization abilities. Apart from these end-to-end evaluations, we also study ULoc’s performance as we
reduce the number of deployed anchors and reduce the number of antennas used on the ULoc Anchor. We also
test the robustness of ULoc under different multipath scenarios and compare the 3D-localization performance
when utilizing both FFT (Section 2) and MUSIC [97]. Finally, we discuss the power consumption of ULoc as
compared to both SnapLoc [46] and two-way-ranging (TWR) based methods as outlined by Decawave [34].

4.1

Tracking Accuracy

Firstly, we evaluate ULoc’s tracking accuracy. Here, the tag is handheld and carried by a user in three different
environments as shown in Figure 7 and at various velocities. The tracking results shown in Figure 9 and Figure 8
use 4 of ULoc’s Anchors for tracking the tag and 4 Pozyx Anchors to track Pozyx’s tag as well. From this CDF
plot, we can see that Pozyx has {24, 79, 170} cm at {50𝑡ℎ (𝑚𝑒𝑑𝑖𝑎𝑛), 90𝑡ℎ , 99𝑡ℎ } percentile tracking errors in Env1.
While, ULoc achieves {8, 18, 44} cm at {50𝑡ℎ (𝑚𝑒𝑑𝑖𝑎𝑛), 90𝑡ℎ , 99𝑡ℎ } percentile tracking errors in Env1, showing that
ULoc outperforms state-of-the-art Pozyx system by 3× overall in an office environment with a lot of natural
reflectors including screens, cabinets, and desks.
Secondly, we also observe from Figure 9b we can see that in Env2, which is an open warehouse like scenario,
that while Pozyx has a tracking error of {32, 100, 198} cm at {50𝑡ℎ , 90𝑡ℎ , 99𝑡ℎ } percentile. On the other hand, ULoc
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Fig. 9. (a) Mobile tag tracking errors: Shows the CDF of tracking errors when the Tag is handheld and moved in (a) Env-1 (b)
Env-2 (c) Env-3. Here we compare ULoc against Pozyx [16] and also present the improvements provided by utilizing the
unique tracking algorithm presented in Section 2.3

achieves {12, 22, 48} cm at {50𝑡ℎ , 90𝑡ℎ , 99𝑡ℎ } percentile tracking errors, showing up to 4× better performance at
the crucial 90𝑡ℎ percentile corner cases.
In addition, we test ULoc’s resilience to high multipath scenarios by evaluating it in Env3 that has a lot of
reflectors in a much larger setup (20m × 20m). We can see even in this scenario, where Pozyx has tracking errors of
{38, 92, 430} cm, ULoc achieves tracking errors of only {10, 23, 52} cm at {50𝑡ℎ , 90𝑡ℎ , 99𝑡ℎ } percentile respectively.
Where in this scenario ULoc shows a performance improvement of 4× for median and 90𝑡ℎ percentile, but
outperforms Pozyx by 9× at 99𝑡ℎ percentile. This shows the importance of ULoc’s tracking algorithm illustrated
in section 2.4.
Finally, we can also see from Figure 9 that ULoc’s without tracking algorithm (FPI + 3D AoA based localization,
does not take advantage of temporal tracking) achieves the same median performance as ULoc’s final tracking
based algorithm. This shows the advantage of using FPI to identify the direct path for the majority of indoor
scenarios. However, we see that the performance for ULoc’s with tracking outperforms ULoc’s without tracking
performance at 90𝑡ℎ and 99𝑡ℎ percentiles by 2× on average. Especially, we can see that in Env3 the rich multipath
from the large environment significantly degrades both Pozyx’s and ULoc’s without tracking algorithms performance at 90𝑡ℎ and 99𝑡ℎ percentiles. While ULoc’s final tracking included algorithm improves ULoc’s without
tracking performance by 3× and Pozyx by 5×. Thus we can see that while ULoc’s final tracking algorithm makes
it robust to adverse scenarios.

4.2

Accuracy under Different Velocities

Next, we analyze ULoc’s tracking performance under different mobility conditions, to show its robustness against
varying velocities. Specifically, we showcase ULoc’s tracking accuracy under two velocity conditions – 0.7 m/s
and 1.3 m/s, the velocity of delivery robots used commonly in warehouses [2]. From Figure 10(a), we see that the
median (90th , 99th percentile) errors for both these velocities are 12 cm (22 cm, 37 cm) and 14 cm (23 cm, 40 cm)
respectively. To further enunciate the robustness of ULoc to different velocities of the tag, we plot the median
tracking error binned into the nearest velocity of the tag for 8 different tag velocities and observed the results as
shown in Figure 10(b). Here, we show the median tracking error vs velocity as an error-bar plot, with the error
bars representing the standard deviation in tracking errors at the specific velocity bin. From this plot, we can see
that median tracking accuracy does not go beyond 16cm for velocities as high as 2 m/sec which is well above
the average moving velocities of assets or personnel in indoor scenarios, which is typically about 1 m/sec. This
further demonstrates the real-time performance of ULoc, and the robustness of ULoc’s tracking algorithm in
varied indoor settings.
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Fig. 10. (a) Tracking at different velocities Shows the tracking accuracy of tags moving at two different velocities, 0.7 m/s
and 1.3 m/s. Note that there is very little change in tracking error with increased speeds. (b) Velocity vs Accuracy: Shows
the tracking accuracy of ULoc when tag at different velocities (c) MUSIC vs. FFT: Shows the stationary-tag localization
error when FFT and MUSIC is used. We see that while FFT does not require any packet averaging, MUSIC requires that the
packets across the previous five time-instances be averaged.
Table 1. Comparison of Estimated Battery Life

TWR Based [16]

Method

Energy Per
Location Est.

Est. Battery Life* Est. Battery Life*
for Tag @ 1Hz
for Tag @ 1kHz
(𝑁𝐴𝑃 = 4)
(𝑁𝐴𝑃 = 4)

Tag
Accuracy**
(Stationary)

𝑁𝐴𝑃 × Rx
+ 2 × Tx

𝑁𝐴𝑃 × 56
+ 63 𝜇 𝐽

3.1 Months

6.8 cm (3D)

2.3 Hours

Concurrent
𝑁𝐴𝑃 × Rx
𝑁𝐴𝑃 × 56 𝜇 𝐽
4.0 Months
3.0 Hours
18 cm (2D)
Ranging [46]
TWR + AoA [91] 2 × Rx + 1 × Tx 143 𝜇 𝐽
6.3 Months
4.6 Hours
6.5 cm (2D)
Concurrent
𝑁𝐴𝑃 × Rx
𝑁𝐴𝑃 × 56 𝜇 𝐽
4.0 Months
3.0 Hours
30 cm (2D)
AoA [49]
ULoc
1 × Tx
31 𝝁J
2.4 Years
21.0 Hours
3.6 cm (3D)
*: For a CR2032 coin cell battery, assume no inactive state power consumption
**: Median accuracy reported in the corresponding work, under the setup that gives best accuracy

4.3

Localization Accuracy for Multiple Tags

Single Tag: First, we evaluate ULoc for stationary localization conditions to compare against many of the state of
the art systems [46, 49, 69] which show similar static tag evaluation scenarios for a single UWB tag. We conduct
these tests across 16 different stationary points with 4 of ULoc’s Anchors placed as shown in Figure 7(a) and
Figure 11(a). We note that environment 1 is a standard office environment with multiple reflectors in the form of
monitor screens and metal reflectors near the ceiling. ULoc’s localization accuracy in comparison with Pozyx is
presented in Figure 11(b) where we achieve median, 90th , and 99th percentile accuracy of 3.6 cm, 6.3 cm and, 12.9
cm respectively as compared to Pozyx’s 6.8 cm, 16 cm and, 34.6 cm.
Multiple Tags: We also test for localization accuracy of multiple co-located tags in the environment. We
implement a Time-division multiple access (TDMA) scheme to collect data from all the tags in static conditions.
We collect data at 9 test-point in Env-1. In Figure 11(c), we show that there is little impact to performance when
multiple tags are simultaneously deployed, with median and 90th percentile errors between 3.8 − 5.4 cm and
6.1 − 9.1 cm
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Fig. 11. (a, b) Stationary tag localization: Showcasing localization errors of a single stationary UWB Tag at the different
locations in Env-1 in comparison with Pozyx tested under the same conditions. (c) Multi-tag localization: Shows the
localization error CDF for four tags co-located in the same environment simultaneously. Note that increasing the number of
tags in the environment has little impact on the localization accuracy.
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Fig. 12. Latency: Shows how latency increases with number of tags and anchors in a given environment for (a) TWR, where
we can see that the latency is increasing exponentially going up to 1.4 sec (b) ULoc, where we can see that the latency is
increasing linearly only with the number of tags in the environment and is completely independent of the number of anchors,
thus reaching only a maximum latency of 20 msec.

MUSIC vs FFT: In Section 2, we make a design choice to use a ULoc’s FFT based algorithm to estimate the
azimuth and polar angle of arrival using the CIR for the time-index corresponding to FPI. Another natural choice
was MUSIC which was computationally expensive, but it starts working only after sufficient averaging of the
packets [55]. Figure 10(c) shows the same behaviour for UWB, after averaging with 5 packets it performs close
to the FFT based technique. This is primarily as the UWB has large bandwidth and therefore is less affected by
multipath compared to low-bandwidth WiFi, and therefore even FFT without averaging is robust.

4.4

Latency Comparison

While we have seen that adding more tags to the system does not adversely affect its performance in terms of
localization accuracy, we further evaluate ULoc latency efficacy with an increasing number of tags and anchors.
To do this, we conduct a Poisson arrival model based MAC simulations and compare against standard TWR
mechanism. The results of which are shown in Fig. 12. From this figure, we can see that while traditional TWR
technologies’ latency scales up with respect to both number of Anchors and number of Tags, ULoc can do a
simple time-division multiple access control to avoid scaling across increasing Anchors in the environment.
We can also see from Fig. 12 that while ULoc’s design has a maximum latency of 0.2secs for locating 100 tags
across 32 different Anchors, a traditional TWR scales up to 1.5sec of latency. While these are the worst case
scenario performances, we can see for a more general 4 Anchor setup, traditional TWR achieves 13 msec latency
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Fig. 13. Ablation: Varying number of Anchors: Shows the CDF of ULoc’s tracking error with increasing number of Anchors
(AP) in (a) Env-1 (b) Env-2 (c) Env-3

for a single tag, and ULoc achieves a latency of just 1 msec. Though both of these values seem manageable,
localization becomes delayed when you scale up to even just 100 tags, which would be a typical scenario in a
warehouse tracking scenario. Where in the case of 100 tags to be localized, we can see that traditional TWR’s
latency reaches 1.3 sec, ULoc still locates with a latency of 0.1 sec.

4.5

Power Consumption Comparison

Having robustly evaluated ULoc under a variety of conditions, next we turn to understanding ULoc’s unique
design choice to provide low-power 3D localization via a single-packet transmission from the tag. In Table 1,
we compare the power requirements and expected upper-limits on battery lives of the tag under different use
cases. We use the power consumption measurements from the Decawave DW1000 datasheet [35] and the packet
transmit and receive frame structure from the Decawave manual [6] to compute the total power consumed
per location estimate by the Decawave DW1000 UWB chip. Specifically, we note that a single packet transmit
requires 31𝜇 𝐽 and packet receive requires 56𝜇 𝐽 . We combine these basic energy consumption computations with
the localization protocols for ULoc, Concurrent Ranging-based [46], Concurrent AoA-based [49], hybrid of AoA
and TWR [91], and TWR-based localization [16] to compute the energy consumed per location estimate at the tag.
In ULoc, we use a single-packet transmission at the tag, in Concurrent Ranging-based and Concurrent AoA-based,
the tag receives the number of packets equivalent to the number of Anchors, 𝑁𝐴𝑃 , in the environment and in
TWR, there are 2 packet transmits and 𝑁𝐴𝑃 received packets. Note that for a hybrid TWR + AoA scheme, only
a single Anchor is required for localization. Finally, we assume the nominal battery capacity (0.66 Wh) of the
commonly used CR2032 lithium coin cell [39] to compute the best-case scenario of the battery-life of the tags
under the different protocols. We summarize these protocols, the energy consumption, and estimated battery
life in Table 1 at two different packet transmit frequencies. Specifically, most warehouse tracking would require
a localization estimate at a frequency of 1 Hz, whereas high-mobility scenario would require a 1 kHz transmit
frequency. Finally, we have also included a representative median localization accuracy as reported by the authors
of the other papers. From the table, it is apparent ULoc provides superior accuracy while consuming the least
amount of power for each location prediction

4.6

Micro-benchmarks and Ablation Studies

Now that we have seen the real-time, low-power, and cm-accurate 3D tracking performance of ULoc, we further
evaluate the robustness of ULoc’s tracking with changing the number of Anchors deployed and robustness in
ULoc’s 3D-AoA prediction with changing the number of antennas as compared to the Decawave PDoA kit[38].
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Fig. 14. (a) 3D-AoA performance: Shows the CDF of Angle errors for the Azimuth angle for ULoc and the PDoA Kit. We
see that varying the number of antennas used for predicting the Azimuth angles degrades the performance marginally.
Furthermore, we see that ULoc’s errors are smaller than the two-antenna PDoA Kit. (b) Robustness to reflectors: Shows
the CDF of errors across three environment settings with different metal reflector setup in Env-3. ULoc has little change in
performance with the addition of reflectors in the environment. (c) Shows the increase in error of as the tag is moved closer
to the ground

Finally, we also study the change in ULoc’s tracking when additional reflectors are introduced in the environment.
Scalability in Anchors: One of the advantages of enabling 3D-AoA based 3D localization is that we can locate
the user with as low as 2 anchors, and to see how well our algorithm fares with different numbers of anchors,
we remove one anchor at a time and re-estimate the tag’s tracked location and estimate our tracking error as
described in section 4.1. With this setup, we observe the two figures shown in Figure 13a,b for Env-1 and Env-2
respectively, wherein both the scenarios we observe that ULoc’s performance degrades significantly for a 2
Anchor system, but is more stable for a 3 Anchor and the usual 4 Anchor system for the given spaces. Where in
Env-1, while a 4 Anchor deployment has a median tracking error of 8 cm, a 3 Anchor deployment has a median
of 9 cm, but a 2 Anchor deployment has a median error of 13 cm. Similarly in Env-2 (Env-3), while a 4 Anchor
deployment has a median tracking error of 12 cm (10.1 cm), the median tracking errors increase to 19 cm (11.5
cm) for 3 Anchors and 25 cm (16 cm) for 2 Anchors.
3D-AoA accuracy: In ULoc, we make an important contribution in tracking the 3D-AoA to improve the
azimuth and polar angle predictions for a given point in space. We would like to further understand how ULoc’s
3D-AoA predictions compare with azimuth angle predictions of the PDoA kit [38]. For the PDoA kit testing, we
mount the UWB tag, along with the VR controller, on a robot. We place the PDoA kit’s anchor at the same height
as the UWB tag and move the robot in Env-2 (see Figure 7(b)). We collect the azimuth angle predictions from
the PDoA kit and compare it against the ground truth provided by the co-located VR controller. Furthermore, in
ULoc’s anchor, we reduce the number of antennas used in the horizontal and vertical antenna from 4 antennas to
2 antennas. We present the errors in the ULoc’s predicted 3D-AoA and PDoA kit’s predicted azimuth AoA in
Figure 14(a). We find that reducing the number of antennas on ULoc’s Anchor reduced the median error (90th
percentile) in the measured 3D-AoA from 1.4◦ (4.15◦ ) to 2.1◦ (7.44◦ ). Whereas, the 2-antenna PDoA kit achieves
an accuracy of 2.32◦ (8.54◦ ) at the median and (90th percentile)
Robustness to multipath: Finally, we would like to understand the performance of ULoc when different metal
reflectors are added. In Section 4.1, we explored the tracking accuracy of ULoc in Env-3 (detailed in Figure 7(c, e))
when both the metal reflectors are present. To test ULoc’s performance in changing multipath conditions, we
conducting tracking experiments with both metal reflector 1 and 2 removed, with only metal reflector 1 present,
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and both metal reflectors present. In Figure 14(b) we present the results from these experiments. We see there is
minimal difference in the tracking error when different reflectors are introduced.

5

RELATED WORK

ULoc builds the first low-latency, low-power, infrastructure-driven accurate 3D tracking and localization for
UWB IoT devices. In this context, ULoc’s work overlaps with research in various fields ranging from RF-based
localization and tracking to 3D visual tracking.
Light-based tracking: Camera-based [21, 104] or laser-based [22] systems which identify and track the
different objects in the environment are unreliable when there are occlusions as is common-place in high-mobility
conditions. This loss of tracking breaks away from R.1, which requires the infrastructure to be aware of the
location of the tag in diverse conditions.
Acoustic-based tracking: To enable tracking in these visually-occluded conditions, there are many works
which enable 3D acoustic-based tracking [42, 88] for VR applications. Unfortunately, acoustic-based tracking
performance degrades with range. Moreover, in many industrial applications, ultrasonic noise in the frequency
range which these acoustic tracking systems operate is prevalent [78]. This noise interference would degrade the
3D tracking performance of acoustic-based systems for industrial IoT applications, hence breaking away from
R.2.
RF-based tracking: In contrast to visual and acoustic-based localization, RF-based localization can pass
through most obstacles and is not corrupted by environmental noise. These advantages lead to a myriad of
localization works with various RF protocols. While the research in WiFi-based localization [26, 44, 51, 55, 56, 59,
77, 80, 85, 86, 97–99] has been predominant in the last couple of decades due to its widespread deployment, these
devices have limited bandwidth (20-160 MHz) compared to UWB (greater than 500 Mhz). This relatively narrow
bandwidth limits the localization accuracy to few decimeters. While the authors of WiCapture [56] achieve
mm-accurate tracking (R.2) by taking advantage of a constant multipath present across multiple timestamps, this
would not be possible in most of these indoor tracking scenarios and thus is not robust across various indoor
environments (R.1).In the same vein, there have been works relying on BLE-based localization [27], but they
suffer from high errors due to limited bandwidth as well. Hence, we find that both WiFi and BLE-based techniques
are unable to meet R.1 to provide the sub-10 cm tracking accuracy.
Breaking away from active sensing and to enable a low-power tracking system, many systems have taken
advantage of RFID-based backscatter [65, 89, 90, 101]. These works meet both the accuracy requirement (R.1)
and provide a long operation lifetime for the tag (R.3). But, they have a very limited range and require the RFID
reader to be within a few meters of the tag, hence requiring a high deployment density of RFID readers in the
environment. This severely affects the scalability of these systems and fails to meet R.4. To combat the limited
range of RFID-based systems, there have been other backscatter-based [69, 79] tracking approaches that require
low power for operation and provide sub-10 cm accuracy. However, [69, 79] perform experiments in a more
controlled setup with limited variance, compared to ULoc, where we evaluate it against ground truth measured
from a VR tracker that is randomly moved by a human subject.
UWB Localization: To achieve the requirements R.1 to R.4, ULoc uses the Ultra-wideband (UWB) protocol
which provides 1 nsec resolution in time owing to its wide bandwidth of 500 Mhz. Taking advantage of this
fine-time resolution, most of the existing UWB based localization algorithms utilize Two-Way Ranging (TWR)
based localization [24, 29, 40, 41, 47, 48, 54, 57, 58, 60, 72, 105] which needs multiple packet exchanges to locate a
single tag. These multi-packet exchange protocols significantly increase the latency to estimate a single location
of a tag and hence fail to meet R.2. On the other hand, in ULoc we only need one ‘Blink’ from the tag to be
transmitted that is simultaneously received by multiple anchors deployed in the environment. ULoc measures
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Table 2. Comparison: Shows how ULoc is the only algorithm that can satisfy the increasing needs of 3D Indoor tracking
amongst the existing work in UWB based indoor tracking. In the above power computation, 4 Anchors are assumed in
systems which require multiple Anchors. Further details on power computation can be found in the appendix B.

3D Tracking
Accuracy
Tag Est.
Battery Life
Infrastructure
Driven
Latency

TWR Based
[24, 40, 41, 60]
[29, 47, 54]
Yes
10s of cm

Concurrent Ranging
[31, 32, 46, 67, 87]

TWR + AoA
[38, 91]

Concurrent AoA
[49]

No
cm-accurate

No
No
10s of cm
10s of cm
7.6 Months [38]
4.0 Months
6.3 Months [91]

Yes
cm-accurate

ULoc

3.1 Months

4.0 Months

Yes

No

No

No

Yes

Very High

High

Medium

High

Low

2.4 Years

the azimuth and polar angle of arrival of these incoming signals, collating this information across all the Anchors
and localizes the tag in real-time.
On the other hand, recent systems are inspired by concurrent ranging and time-difference-of-arrival (TDoA)
based localization algorithms [46, 61, 74, 84] that also perform real-time localization for UWB tags. However,
these concurrent-ranging-based algorithms require the tags to receive and process multiple packets locally and
localize themselves. This tag-driven localization is unfortunately power-hungry and compute-intensive on the
tag’s end as it is the tag that is receiving multiple transmissions and computing its location, thus does not meet
R.3 and R.4. While these systems have deployment scenarios where the tag is accompanied by a computer like on
a smartphone, they fail to scale up in an Industrial IoT scenario which ULoc targets. Furthermore, these systems
are only deployed for 2D localization scenarios, thus departing from R.2 as well.
In contrast, TDoA schemes require only a single packet transmission at the tag and are infrastructure-driven.
Unfortunately, the tedious synchronization required impedes TDoA systems from large-scale deployment and
hence fails to meet R.4. Whereas, ULoc’s anchor boards are connected to a common host or a central server which
performs all the computations thus making the tag extremely low-power. Furthermore, ULoc does not suffer from
the power/latency to accuracy trade-off since the ‘Blink’ from the tag is broadcast to all anchors in range, which
then measure 3D-AoA and triangulate the tag. Thus, designing a multi-antenna anchor board and a 3D-AoA
based tracking algorithm makes ULoc the first of its kind real-time and low power 3D tracking algorithm.
While, there have been few works [25, 43, 50, 62, 71, 83, 100] that have tried AoA based localization, most of
these works have either been limited to simulations or VNA based experiments [43, 50, 62, 83, 100]. Recently, there
have also been commercially available UWB-kits [15, 38], but these have been limited only to 2-D localization
which does not satisfy R.2. Some works extend the TDoA approach by using statistical learning approaches to
estimate AoA from multiple TDoA/TWR estimates [40, 41, 62], which is not robust to be tested across multiple
different environments and so are not scalable (R.4).
Finally, there have been recent advances [25, 49, 94] that have tried estimating angles using Phase-differenceof-arrival (PDoA) and concurrent-AoA based techniques. Unfortunately, these works also perform the localization
on the tag’s end, and hence demand higher power (R.3) and compute for each location estimate (R.2). Further,
all of these AoA based tracking systems are limited to 2D tracking or a 1D-AoA estimation, while with ULoc’s
unique board design we have enabled cm-accurate 3D tracking. While there have been a few 3D UWB localization
algorithms [63, 70, 102] in the recent past, these systems have very high latency since they are based on ranging
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based localization, and most of these works are in simulations with a few real-world experiments failing to meet
R.2.
Thus we can see as summarized in Table 2 that while there exists a decade of research and development into
UWB based localization and tracking, ULoc is one of its kind to achieve real-time, cm-accurate 3D tracking while
providing long operational life for the tag.

6

LIMITATIONS AND FUTURE WORK

In this paper, we have proposed ULoc, a novel 3D tracking algorithm for UWB tags with contributions in both
the hardware design towards the anchor board and the algorithm to achieve low-power, real-time, cm-grade 3D
tracking. We have evaluated ULoc under different real-world settings under both static and moving conditions.
While this works sparks one of its kind Low-power, real-time, and cm-accurate 3D tracking, there is further
research in the following areas that can improve ULoc’s performance significantly:
• We note that despite the fine time resolution given by ULoc’s FPI, ground reflections at heights up to
1.3 meters can cause phase disruptions sufficient to interfere with ULoc’s 3D localization. Figure 14 (c)
shows how the median and standard deviation of error at each height increases as we approach the ground.
Initial thought as to the source of this error would be the non-uniform radiation pattern in the elevation
1 plane for the DWM1000 UWB chip [7]. Given this non-uniform single antenna gain, the full antenna
array radiation pattern may cause unexpected destruction of the direct path for various elevations. With
the direct path destroyed, prominent reflectors (such as ground reflections) may be picked up as the FPI,
resulting in erroneous localization.
• The 2D antenna array design we have proposed is not optimal, there is research towards optimal antenna
placements to achieve the highest field of view in terms of 3D localization and tracking.
• While in ULoc we achieve accurate tracking relying only on UWB estimates, similar to [16], we can integrate
our solution with IMU measurements and develop much more accurate inertial measurements coupled
tracking, leading towards VR tracking based applications.
• Additionally, the tag can send embedded data from the sensors attached to it (for example a temperature
sensor or an Inertial Measurement Unit, IMU) within these Blink packets. These IMU measurements can be
combined with the ULoc measurements to enable 6 DOF real-time tracking measurements.
• Further, tracking accuracy can also be improved by creating a rigid body of multiple UWB tags that can then
be accurately tracked giving us 6 DOF measurements i.e., both location and orientation, as implemented by
many of the existing vision-based VR tracking systems [22].
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Fig. 15. Setup of ULoc that enables it to measure both Azimuth and Polar angles together. (a) Shows how the planar wave
incident on the antenna array can be projected onto two perpendicular planes. (b) Shows zoomed-in version on how the
signal travels an additional 𝑑 cos 𝜙 sin 𝜃 for each additional antenna on the horizontal array, which can be extended to see
that (c) the signal travels an additional distance of 𝑑 sin 𝜙 distance for each additional antenna along with the vertical array.

To define our algorithm more formally, let us consider the scenario shown in Figure 15. Specifically, under
the far-field assumption the ideal channel impulse response (CIR), where 𝑛 is the time-index, ℎ𝑖𝑣 (𝑛), for the 𝑖 th
antenna (∀ 𝑖 = 1, 2 · · · , 𝑁𝑎𝑛𝑡 −𝑣 ) on the vertical antenna array, and ℎℎ𝑗 (𝑛), for the 𝑗 th antenna (∀ 𝑗 = 1, 2 · · · , 𝑁𝑎𝑛𝑡 −ℎ )
on the horizontal antennas array, can be shown [27, 55, 97] to be


𝑟 + (𝑖 − 1)𝑑 sin 𝜙 
𝑟 + ( 𝑗 − 1)𝑑 sin 𝜃 cos 𝜙 
ℎ𝑖𝑣 (𝑛) = 𝑎𝑖 exp − 𝜄2𝜋 𝑓𝑐
, ℎℎ𝑗 (𝑛) = 𝑎 𝑗 exp − 𝜄2𝜋 𝑓𝑐
(4)
𝑐
𝑐
for a tag
√ located at distance 𝑟 from the anchor board transmitted at central frequency 𝑓𝑐 . Where 𝑐 is the speed of
light, 𝜄 = −1, and 𝑎𝑖 , 𝑎 𝑗 are the corresponding attenuation constants across the antennas. For this given channel
impulse response measurements on a given tap 𝑛, one can define a simple transform based on Eq 4 to get Eq 5.
The intuition in defining the transform is to balance the phase term in the exponent, for example, 𝜙𝑙 = 𝜙 at index
𝑛, all the terms of the first summation would add in-phase leading to 𝑁𝑎𝑛𝑡 −𝑣 .𝑎𝑖 , otherwise it would be destructive.

𝑃 (𝜃 𝑘 , 𝜙𝑙 , 𝑛) =

𝑁Õ
𝑎𝑛𝑡 −𝑣
𝑖=1
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𝑁Õ
𝑎𝑛𝑡 −ℎ


(𝑖 − 1)𝑑 sin 𝜙𝑙 
( 𝑗 − 1)𝑑 sin 𝜃 𝑘 cos 𝜙𝑙 
ℎ𝑖𝑣 (𝑛) exp 𝜄2𝜋
+
ℎℎ𝑗 (𝑛) exp 𝜄2𝜋
𝑐
𝑐
𝑗=1

(5)

where 𝑃 (𝜃 𝑘 , 𝜙𝑙 , 𝑛) is the likelihood at the direction of arrival of (𝜃 𝑘 , 𝜙𝑙 ) corresponding to the time-index 𝑛, of
the measured CIR. The above transform is simply a Fast Fourier transform. Furthermore, due to the design of the
ˆ 𝜙)
ˆ
antenna arrays, under no multi-path, there is always a unique solution for the actual direct path’s 3D-AoA, (𝜃,
as
(𝜃 UWB, 𝜙 UWB ) = argmax 𝑃 (𝜃, 𝜙)

(6)

−𝜋 /2≤𝜃 ≤𝜋 /2
−𝜋 /2≤𝜙 ≤𝜋 /2

This is under the assumption that 𝜃 ∈ [−𝜋/2, 𝜋/2] and 𝜙 ∈ [−𝜋/2, 𝜋/2], no carrier frequency offset, and 𝑑 ≤ 𝜆2 ,
where 𝜆 is the wavelength of the carrier frequency. For any antenna separation 𝑑 > 𝜆2 there would be aliasing,
which is tackled in the hardware design of ULoc’s anchor which is further described in section 3.1.
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POWER CONSUMPTION

Variable
3 µW

TX

Sleep

RX

Preamble
Hunting
Variable
373 mW

135 µs
215 mW

16 µs
158 mW

Table 3. Energy Consumption at Each State

Variable
3 µW

Sleep

Preamble SFD PHR Payload
120 µs
413 mW

16 µs
390 mW
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Preamble
Hunting
Variable
373 mW

Fig. 16. Tx/Rx States and Power Consumption

UWB State
Current* Duration
Preamble + SFD 65 𝑚𝐴
135 𝜇𝑠
Active Tx
PHR + Payload
48 𝑚𝐴
16 𝜇𝑠
(12 byte frame)
Inactive Tx Sleep
1 𝜇𝐴
Variable
Preamble + SFD 125 𝑚𝐴
120 𝜇𝑠
Active Rx
PHR + Payload
118 𝑚𝐴
16 𝜇𝑠
(12 byte frame)
100% Preamble
113 𝑚𝐴
Variable
Inactive Rx Hunt
50% Preamble
62.5 𝑚𝐴 Variable
Sniff
*: Current measured under 3.3V

Energy
28.96 𝜇 𝐽
2.54 𝜇 𝐽
49.5 𝜇 𝐽
6.23 𝜇 𝐽
-

In Table 1, we see that in different related works, the amount of Txs and Rxs required for each location estimate
is different, thus yielding different power consumption. In this section, we provide details on how the power
consumption and battery life are estimated.
According to IEEE 802.15.4 standard, each UWB packet starts with a preamble, then followed by the start of
frame delimiter (SFD), PHY Header (PHR), and payload [53]. As shown in Fig. 16, on the Tx side, the UWB radio
wakes up from sleep, transmits the four segments in order, and goes back to sleep again. On the Rx side, besides
receiving each segment, a preamble hunting stage is required to identify the existence of the packet. We denote
the transmitting and receiving the actual packet as active Tx/Rx, and the rest as inactive Tx/Rx.
The power consumption on each of the states, along with their duration, are acquired from Decawave DW1000
Datasheet [35]. The Tx/Rx profile is measured with 16MHz Pulse Repetition Frequency (PRF), data rate 6.8Mb/s,
Channel 2, Preamble length 128 symbols, and 12-byte frame for header + payload. Note that the inactive states do
not have a fixed duration – they are dependent on the localization rate and the MAC protocol.
Active Tx / Rx From Fig. 16 we see that transmitting or receiving the four segments within a UWB packet has a
fixed current consumption and duration, thus we can individually calculate the energy consumed in Tx / Rx for
each of the four-segment, and sum up to obtain the total energy consumed for one active Tx / Rx (Table 3).
Inactive Tx / Rx For transmitting, the inactive state is usually sleep between active states, whereas for receiving,
besides sleep, the inactive state also includes a high power-consumption preamble hunt which continuously Rx
and search for the existence of preamble that denotes the start of a UWB packet.
The duration that the UWB radio stays in inactive states is defined by the localization rate and MAC protocol and
is highly variable between different related works. Thus we do not consider the inactive state power consumption
in our energy per location estimate calculation. However, we note that in ULoc, as the tag does not perform Rx,
the inactive power consumption is very low as compared to other related work that requires Rx.
Estimate Battery Life The battery life is estimated on a CR2032 0.66Wh coin-cell battery [39], which converts
to 2376𝐽 of total energy.
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C DATA EXTRACTION AND PROCESSING PIPELINE
C.1 Extracting Data:
As discussed in section 2.2, ULoc anchor uses channel impulse response (CIR) at the rising edge of the direct
path signal coming from ULoc tag to estimate 3-D AoA and localize the tag. When a UWB packet arrives at a
𝐷𝑊 1000 transceiver, it holds the accumulated CIR data in a bank of its memory, while Decawave’s proprietary
leading-edge detection (LDE) algorithm reports an index in the stored CIR array to the "leading edge" defining
the first receiving ray. The CIR is reported in 1 ns resolution, whereas the first path index (FPI) reported by the
LDE algorithm is a fractional number that has a 15.65 ps resolution, 64 times more than the CIR taps [6]. After
that, the transceiver asserts its IRQ to notify the MCU of the Rx event. Upon notification, the MCU obtains the
required data from the respective transceiver.
To obtain the CIR around FPI, the MCU first reads the transceiver’s register FP_INDEX via SPI, obtains FPI, and
round it to the nearest integer. Next, it accesses the accumulator memory ACC_MEM from an offset of 𝐹 𝑃𝐼 − 1
to 𝐹 𝑃𝐼 + 5, for a total of 7 CIR taps (roughly 7 ns of channel information around the first path). In addition, the
CIR extracted on-board at each transceiver has an additional delay corresponding to the accurate identification
of the start-of-frame delimiter (SFD) [6], that is reported by the DW1000 chip. This SFD’s phase can be used to
compensate out the phase offset between multiple DW1000 transceivers caused by this delay when subtracted
from the CIR. We access the SFD phase information from register RCPHASE.
Furthermore, we obtain DW1000 temperature information from register SAR_LTEMP for phase difference
calibration as detailed in section 3.4. We also obtain the tag’s unique ID from Rx frame data buffer register
RX_BUFFER, so that we know which tag this data is tied to.
Output Data to Infrastructure:
The anchor MCU has all necessary data extracted from each of the 8 transceivers. To estimate location, these
data need to be gathered together from multiple anchors. The anchor firmware includes a USB communications
device class (CDC) driver that allows the MCU to appear as an emulated serial port and send data upon connecting
to a host computer.
A straightforward way to obtain data is to connect each anchor to a central host computer via USB. However,
this solution will quickly become infeasible as the number of anchors or their distances goes up. Not only will
the data rate be limited by the flooded I/O on the central computer, but also the long USB cables and a limited
amount of USB ports on the computer become issues to the infrastructure. To make the system scalable, we
attach dedicated Raspberry Pi single-board computers [73] to each of the anchors, so that data from each anchor
is received and computed separately at the edge. Each Raspberry Pi reads the data from an anchor, performs all
corrections needed, and estimates 3-D AoA. We connect all the Raspberry Pis to the same Wi-Fi network so they
can transmit the 3-D AoA information to the infrastructure and the tag’s location is computed by building the
algorithm on, to be solved.

C.2

Data Processing Pipeline

As discussed in section 3.2, we have acquired from each anchor the raw data required to perform localization,
including 7 taps of CIR with 1 ns resolution, the FPI with 15.65 ps resolution, and SFD phase for compensation. We
also assume wireless calibration as discussed in section 3.4 has been performed and a zero AoA phase difference
calibration data exist. In this sub-section, we list down the data processing steps required for the infrastructure to
get accurate, reliable, real-time localization for the ULoc tags.
1. CIR Cleaning and Upsampling: The packets belonging to different tags are first filtered out by tag ID,
removing the packets which do not belong to our data case. The CIR is upsampled by 8 times using an 8-tap
raised-cosine filter, to take advantage of the 64 times more resolution FPI has. We have chosen to upsample 8 times
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because we have observed that upsampling 64 times gives a negligible performance boost while significantly
increase the amount of processing time.
2. CIR Compensation: As discussed in section 3.2, the SFD phase can be used to compensate out the phase
offset between multiple transceivers. Thus for each transceiver, we subtract its SFD phase from its CIR taps. Then,
we further subtract the zero AoA phase offset acquired in wireless calibration. Now the CIR is ready for 3D-AoA
estimation.
3. 3D-AoA Estimation: First, as discussed in section 2.2, FFT is applied on the CIR across antenna at FPI tap, to
obtain the AoA likelihood profile for each anchor. Then, as seen in section 2.3, the likelihood profile is processed
by the Temporal Tracker and Close Peak Finder to obtain two 3D-AoA estimations. A weighted average is applied
to these estimations to obtain a final ULoc 3D-AoA.
4. 3D Localization: With the cleaned 3D-AoA’s obtained from the last step on multiple ULoc anchor, triangulation
is used to solve for the location of the tag (section 2.4).
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