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Self-sustaining Ultra-wideband Positioning System
for Event-driven Indoor Localization
Philipp Mayer, Graduate Student, IEEE, Michele Magno, Senior Member, IEEE,

Luca Benini, Fellow, IEEE,

Abstract—Smart and unobtrusive mobile sensor nodes that
accurately track their own position have the potential to augment
data collection with location-based functions. To attain this vision
of unobtrusiveness, the sensor nodes must have a compact
form factor and operate over long periods without battery
recharging or replacement. This paper presents a self-sustaining
and accurate ultra-wideband-based indoor location system with
conservative infrastructure overhead. An event-driven sensing
approach allows for balancing the limited energy harvested in
indoor conditions with the power consumption of ultra-wideband
transceivers. The presented tag-centralized concept, which com-
bines heterogeneous system design with embedded processing,
minimizes idle consumption without sacrificing functionality.
Despite modest infrastructure requirements, high localization
accuracy is achieved with error-correcting double-sided two-way
ranging and embedded optimal multilateration. Experimental
results demonstrate the benefits of the proposed system: the node
achieves a quiescent current of 47nA and operates at 1.2µA
while performing energy harvesting and motion detection. The
energy consumption for position updates, with an accuracy of
40 cm (2D) in realistic non-line-of-sight conditions, is 10.84mJ.
In an asset tracking case study within a 200m2 multi-room
office space, the achieved accuracy level allows for identifying
36 different desk and storage locations with an accuracy of
over 95%. The system’s long-time self-sustainability has been
analyzed over 700days in multiple indoor lighting situations.

Index Terms—Asset tracking, energy harvesting, energy neu-
trality, indoor localization, ultra-wideband (UWB), internet of
things (IoT), sensor systems and applications.

I. INTRODUCTION

INTERNET of Things (IoT) sensors are becoming smart
and unobtrusive, surrounding us in everyday life. With the

drastic increasing number of low-cost and connected sensing
systems, there is also emerging demand for pervasive location
services [1]. Next to the prominent examples of navigation and
asset tracking [2], [3], the location awareness of sensors can
significantly widen the scope of mobile IoT systems. Location-
awareness not only allows to assign events of interest to their
spatial origin but also enables location-based services where
the sensor adapts and interacts with the surrounding [4], [5].
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Commercial solutions based on the global navigation satel-
lite system (GNSS) allow accurate localization at a moderate
power consumption of several mW in always-on operation
for outdoor applications. In contrast to that, there is no
widely deployed solution for precise localization in indoor
and hybrid scenarios. This is particularly interesting as the
market potential for indoor location services is expected to be
significantly larger compared to the outdoor counterpart [4].
Thus, there has been significant research effort in technologies
allowing GNSS-like indoor localization functionality in recent
years.

Focusing on device-based systems with high localization
accuracy, IEEE 802.15.4z ultra-wideband (UWB) is more and
more becoming the gold standard as it promises robustness
against multipath and shadowing phenomena [6]–[8]. By
opting for UWB, recent research works achieve localization
accuracies in the range of a few tens of centimeters and below
within highly idealized environments with perfectly aligned
antennas. If dynamic real-world indoor scenarios with non-
line-of-sight (NLOS) propagation are considered, localization
accuracy decreases significantly [9]–[11]. Advanced postpro-
cessing [12]–[14], and optimized transmission schemes [15],
[16] allow to mitigate the drastic accuracy loss, however, at
the cost of energy consumption and scalability [15], [17], [18].

One major drawback of today’s commercial UWB
transceivers is their peak power consumption of a few hundred
milliwatts, which implies significant stress on the design of
small-sized battery-powered devices [19], [20]. This drawback
can be circumvented, at the cost of reduced functionality,
by outsourcing energy-demanding signal processing to the
infrastructure [21]–[23]. If these limitations in terms of bi-
directionality and range are not acceptable, there inevitably
arises the need to recharge the battery of the UWB-enabled
device periodically. Unfortunately, the requirement to actively
recharge reduces the device’s long-term reliability and, in
general, prevents a pervasive operation [24].

Next to the peak consumption, which is critical for the
storage-element selection, it is also crucial to reduce the
idle consumption of any wireless sensor node to allow long-
time operation. For UWB-enabled devices, this is particularly
challenging, as in contrast to the transmitter, which can be
implemented energy-efficiently [25], [26], the energy cost
for reception is significantly harder to curtail and tends to
dominate. Thus, it is vital that no periodical synchronization
between the battery-powered device and infrastructure is re-
quired. In addition, recent trends in the design of smart-sensing
devices with ”near-sensor” processing and emerging wireless
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Fig. 1. High-level overview of the proposed self-sustainable asset tracking
system based on motion-triggered ultra-wideband (UWB) distance measure-
ments and embedded processing.

communication technologies such as Narrowband Internet of
Things (NB-IoT) and Long-Range (LoRa) impose additional
demanding requirements on the sensor’s power supply and
energy management.

A mature technology to prolong sensor lifetime without
manual battery replacement or recharge is the use of envi-
ronmental energy sources with energy harvesting (EH) [27].
However, making EH suitable for small-sized IoT devices
requires advanced design techniques to compensate for the
intermittent and low power nature of EH transducers [28],
[29]. This includes the conditioning of the typical low-voltage
and low-power output signal of the EH transducer and the
optimization of the harvesting efficiency with maximal power
point tracking. In addition, there is the need to temporal
match the fluctuating environmental energy with the load
requirements. Finally, there is not only the necessity to study
and optimize the circuitry itself, but also to precisely analyze
the application-specific energy intake and power consumption
statistics to ensure long-time availability.

This work presents the design of an EH-powered indoor
asset tracking system, visualized in Fig. 1, that balances the
limited environmental energy with the energy requirements
of state-of-the-art UWB and LoRa transceivers for location
and communication, respectively. In the proposed architecture,
this is achieved by a tag centralized event-driven operation,
where the tag remains in an ultra-low power sleep mode
most of the time and autonomously initiates the communi-
cation with the mains-supplied localization infrastructure. The
combination of a motion-triggered wake-up circuitry with on-
board processing allows for a significant reduction of energy-
demanding message exchange. Self-sustainability, despite low-
light environmental conditions, is achieved by the presented
heterogeneous system design optimized for nano-quiescent
current operation.

In particular, this paper presents four main contributions:
1) A hardware-software co-designed tag based on the

event-driven sensing paradigm that enables the spatial-
temporal limiting of energy consumption. The proposed
design allows a quiescent consumption of 4.68 µW
while enabling motion-triggered localization at 40 cm
accuracy.

2) The design and evaluation of a self-sustainable indoor

localization system that combines embedded tag central-
ized processing, event-driven sensing, and solar energy
harvesting.

3) The full implementation of the system combined with an
in-depth analysis of the long-time self-sustainability by
combining a model-based design approach with 700 d
real-world indoor lighting dataset.

4) A real-life application scenario evaluation of the full sys-
tem and in realistic non-line-of-sight (NLOS) conditions
demonstrating accurate asset tracking in a 200m2 sized
multi-room office environment.

The rest of the article is organized as follows: Section II
presents the recent literature and discusses the proposed work
in its context; Section III introduces the principles and imple-
mented algorithms for time-of-flight (ToF) indoor localization;
Section IV describes the proposed system architecture for
energy-neutral event-driven localization; Section V character-
izes and models the circuits energy consumption and validates
the self-sustainability; Section VI reports experimental results
in the targeted application of indoor asset tracking; Finally,
section VII concludes the paper.

II. RELATED WORK

There has been significant research effort in technologies
allowing accurate indoor localization. This effort resulted in
a multitude of methods spanning from vision- and RF-based
approaches [30] to the analysis of light, pressure, vibration, or
the electromagnetic field [31], [32]. A comparison of highly
topical works on device-based indoor localization exploiting
different underlying technologies is given in Table I.

Infrared-based systems such as the one presented in [33]
promise energy efficiency and low device cost but are limited
to line-of-sight applications. Kusche et al. [34] presented a
novel approach based on an artificial magnetic field. Although
this concept could be implemented energy-efficiently, robust-
ness and accuracy are limited. State-of-the-art Bluetooth low
energy (BLE) with angle of arrival (AoA) functionality allows
reaching 2D localization errors close to a half meter with an
energy consumption of only 22 µJ [35]. Similar to the UWB-
based work presented in [36], this is achieved by outsourcing
most of the complexity to the infrastructure. If NLOS ap-
plications with accuracies of 50 cm and below are required,
UWB is the most promising technology. Although analyzing
accuracy and energy consumption only in LOS or quasi LOS
configuration, the results of [8] and [36] demonstrated impres-
sive performance for UWB. In [8], the UWB IC from QORVO
(DW1000) and 3DB ACCESS (3DB6830) were analyzed. The
commercial ICs provide high configuration flexibility allowing
a best-case accuracy of 10 cm with sample rates of up to
500Hz and an energy consumption per localization down
to 140 µJ. Finally, Dardari et al. [36] combined a custom
UWB pulse generator with an ultra-high frequency (UHF)
wake-up radio and wireless energy harvesting. In the tested
optimal environmental conditions, this resulted in an energy-
neutral tag with cold-start capability that reached a localization
accuracy of a few centimeters. It is important to notice that the
reported numbers are a proof-of-concept based on a few static
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TABLE I
COMPARISON TO STATE-OF-ART WORKS TARGETING DEVICE-BASED INDOOR LOCALIZATION.

Sensors’20 [33] TIM’21 [34] SEN’22 [35] IOT’21 [8] RFID’20 [36] This Work

Localization technology infrared magnetic field BLE UWB (3db Access) UWB (custom) UWB (DW3000)

Energy harvesting no no no no wireless solar

Localization error 40 cm (2D) 1m (2D) 59 cm (2D)
10 cm (2D)

4 cm (2D)
40 cm (2D)

37 cm (3D) 1.2m (3D)

Sampling rate 1Hz <100Hz <50Hz <500Hz 5Hz a event-driven
Energy per localization - 120 µJ 22 µJ 140 µJ 1µJ 10.84mJ b

Range 20m 8m 5m over 100m 22m a over 100m

Tested area 30m2 (LOS) 100m2 (LOS) 92m2 (LOS) 16m2 (LOS) 70m2 (LOS) 200m2 (NLOS)
Processing scheme offline offline offline offline offline online
Energy neutrality no no no no yes yes
Deployment effort high high high low high low

a Limited by EH subsystem. b Full system consumption.

positions with high oversampling. Beyond that, recent research
presented in [26] shows significant potential to improve energy
efficiency in today’s UWB transceivers.

In contrast to previous works, the focus of the presented
asset tracking system is self-sustainability and high local-
ization accuracy in a non-idealistic real-world scenario. This
second objective requires a more power-hungry UWB config-
uration and transmission scheme, resulting in a significantly
higher energy consumption per localization. The challenging
opposing requirements are addressed by combining various
algorithmic and architectural design techniques. By opting for
novel tag centralized processing combined with event-driven
localization, the presented approach allows for significantly
reduced system active time without compromising latency. The
paper further shows the benefits of a heterogeneous hardware
architecture combined with hardware-tailored power manage-
ment to minimize the system’s quiescent currents to 1.2 µA
despite active motion wake-up circuitry. The combination
limits the energy consumption to the absolute necessary func-
tional block, only activating energy-demanding subsystems
when required. By extending the system with solar energy
harvesting, the presented solution achieves self-sustainable
operation despite consuming 10.84mJ per localization due
to the robust ranging, on-board processing, and long-range
communication. This work demonstrates energy autonomy
by applying a model-based design approach combined with
longtime environmental data. Finally, the full implementation
in a credit card-sized shape is analyzed in a real-world multi-
room office environment demonstrating a 2D accuracy below
50 cm.

III. BACKGROUND

In contrast to conventional radio transmission using mod-
ulated carrier waves to encode information, UWB is based
on short and consequently high bandwidth pulses. This prop-
erty allows time-of-flight measurements with sub-nanosecond
accuracy [37]. The ToF information between devices can be
used to estimate distances and ultimately for localization by
applying multiliteration algorithms.

Device A

TX RX TX

time

Device B
RX TX RX

RMARKER

Tprop Tprop Tprop

Treply2

Treply1 Tround2

Tround1

Fig. 2. Double-sided two-way ranging with three messages between two
devices.

A. DS-TWR algorithm

A simple solution for ToF measurements between two
unsynchronized devices is the concept of two-way ranging
(TWR). TWR uses time-stamped messages between bidirec-
tional communicating devices to determine the round-trip time.
Subsequently, the average propagation time can be calculated
from the timing information. The limited frequency stability
of the oscillators in both devices when using TWR causes a
ranging error which increases with the distance between the
nodes. To suppress this error while keeping the computation
overhead low double-sided two-way ranging (DS-TWR) with
three messages, shown in Fig. 2, can be applied. The algorithm
uses two round trip measurements where the reply of the
first round trip is used as the initiator of the second one.
The average signal propagation time (Tprop) can be calculated
according to Eq. (1).

Tprop =
Tround1Tround2 − Treply1Treply2

Tround1 + Tround2 + Treply1 + Treply2
(1)

Where the round trip times Tround[1,2] are defined as the time
from transmitting a message to receiving the response, and
the reply times Treply[1,2] represent the time from receiving a
package to sending.

Applied on the tag centralized indoor localization approach,
the tag (battery-powered and mobile) initiates the DS-TWR
algorithm by sending a time-stamped broadcast message to all
anchors (mains-powered and fixed) in the transmission range.
Subsequently, the anchors add a receive and transmit times-
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Fig. 3. Multilateration to determine the tag position based on range measure-
ments to known anchor points in 2D.

tamp to the message and respond in the order of their ID. The
timing information from the previous round-trip messages is
used to apply double-sided ranging. Thus, a second broadcast
is required in deep duty-cycled operation, doubling the energy
consumption of DS-TWR. If two round-trip and replay times
to every anchor node are determined, propagation times and
corresponding distances can be calculated.

A detailed analysis of clock drifts and their influence on
ranging errors for different ToF methods is given in [38].

B. Multilateration

When the distance to at least three anchors with a known
position is measured, the tag’s absolute position can be calcu-
lated with multilateration. Multilateration algorithms calculate
the position under consideration that the point of interest has to
lie on the intersection point of spheres with radii similar to the
range measurements centered at the anchor locations, Fig. 3.
The underlying range measurements’ accuracies are crucial
to precisely calculate the point of interest as inaccuracies
inevitably result in a larger volume in which the tag must
be located.

An effective and sufficiently lightweight multilateration
algorithm that allows the implementation on performance and
memory constraint microcontrollers (MCU) is presented in
[39]. The algorithm, which has been implemented for this
work on a 32 bit ARM CORTEX-M4 operating at 80MHz,
assumes that the measurement errors can be modeled as
Gaussian noise with zero means. In such a case, multilateration
can be described as a non-convex optimization problem. With
the approach presented in [39], the non-convex optimization
problem can be simplified to an eigenvalue problem, solvable
non-recursive and non-iterative fashion with a guaranteed
global optimality.

IV. SYSTEM ARCHITECTURE

Fig. 4 shows the developed and implemented credit card-
sized tag, comprised of a solar cell-based energy harvesting
subsystem and an application-specific smart sensing circuit.
The system exploits an event-driven sensing scheme com-
bined with tag-centralized processing to balance the consumed

1 cm

UWB
DW1000/DW3000

LoRa
SX1261

Solar cell
SP4.2-37 

LiPo battery
 

Energy and event 
managment circuit

MCU
STM32L452

Fig. 4. Prototype of the designed self-sustainable indoor localization tag in
the shape of an 85mm × 55mm × 2mm business card.

energy with the limited harvested energy. To ensure a high
quality of service despite the fluctuating nature of the ambient
energy, source and load power points are decoupled with a
rechargeable battery.

The following subsection IV-A gives an overview of the
hardware architecture. Subsection IV-B discusses the im-
plemented design steps to achieve self-sustainable opera-
tion. Finally, subsection IV-C describes the event-driven tag-
centralized localization approach.

A. Circuit Overview

The circuit is built of two main functional domains, a highly
efficient energy- and event management circuit and a power-
hungry localization circuit based on UWB, as shown in the top
part of Fig. 5. This strict division enables system-level power-
gating and thus low leakage currents in deep duty-cycled or
event-driven operations.

1) Energy- and event management circuit: The firmware
configurable energy- and event management circuit, high-
lighted in the lower part of Fig. 5, is based on the design shown
in [40]. Its primary purpose is the reduction of the system’s
quiescent consumption alongside decreasing the active time
of power-hungry system blocks. In addition, the circuit aims
at efficiently using the limited available energy by supplying
the sensor node with high conversion efficiency in all power
modes from sub–µW sleep up to hundreds of mW during
localization. This is achieved by a programmable and config-
urable circuit that allows the power-gating of system blocks
when their function is not essential in the operating sequence.

The central building block is a programmable 8-bit
PIC16LF1509 microcontroller with 14kB flash memory. Its
main purpose is to increase the system’s energy efficiency
by configuring the sensor node in favorable functional modes
and executing lightweight processing tasks such as wake-up
prefiltering. The MCU, which runs at 31 kHz in active mode,
consumes 20 nA and 4.8 µA in memory retentive sleep mode
and active mode, respectively. An AM1805 sub-threshold
real-time clock (RTC) further reduces the system’s quiescent
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Fig. 5. High-level block diagram of the proposed embedded system. A
highly efficient always-on domain performs energy and event management,
while the power-hungry sensing domain is only activated during event-driven
localization events.

consumption by offloading timekeeping features to a dedicated
highly efficient (11 nA) application-specific integrated circuit
(ASIC).

The energy harvesting functionality is based on a BQ25570
boost converter that achieves high harvesting efficiency due
to integrated maximal power point tracking (MPPT) for a
wide input current range, thus well suited for varying light
conditions in indoor scenarios. As an energy harvesting trans-
ducer, a flexible solar cell SP4.2-37 from POWERFILM with
an active area of 70mm×37mm is used. The cell is selected
with a typical operating voltage of 4.2V, which allows a
low boost converter ratio and results in efficient voltage
conditioning. The source and load power points are decoupled
with a 50mAh pouch cell lithium polymer (LiPo) battery.
The supply of the individual switchable power domains, indi-
cated with colored triangles in Fig. 5, is done with dynamic
load optimized TPS62840 buck converters. In addition to the
switching regulators, the circuit hosts the MCP1810 IC, a nano
quiescent current optimized low dropout regulator (LDO). Its
quiescent current of 11 nA enables an efficient supply of the
energy- and event management circuit’s always-on domain.

Event-driven operation is enabled by a LIS2DW12 ac-
celerometer configured in motion wake-up mode. The con-
figurable sensitivity and sampling rate allow operation with
an average current consumption down to 380 nA.

2) Localization circuit: The localization circuit is based
on the concept of a “smart sensor” comprising functional
blocks for data acquisition SENSING, near sensor computation
PROCESSING, and data exchange COMMUNICATION.

SENSING - The backbone of the indoor position func-
tionality is UWB based on the wireless transceiver DW3000

from QORVO (formally DECAWAVE). To allow maximal range
and thus a low number of anchors per area, channel 5
(6489.6MHz) is used with a channel bandwidth of 499.2MHz
and a mean equivalent isotropically radiated TX power (EIRP)
of −41.3 dBm/MHz. Furthermore, the data rate has been
limited to 850 kbit/s, and the preamble is configured to
2048 symbols.

PROCESSING - During active sensing, the tag’s func-
tionality is orchestrated by an STM32L452 microcontroller
(single-core 32 bit ARM CORTEX-M4 with floating point
unit) operating at 80MHz. Next to the sequence control during
a localization event, the microcontroller is used to initialize the
subsystems, execute the double-sided two-way ranging, and
calculate the tag position with embedded multiliteration.

COMMUNICATION - Independently of UWB, the system
comprises the SEMTECH SX1261 transceiver, a second wire-
less interface for communication with data-collection infras-
tructure via LoRa. The receiver is configured to operate at a
spreading factor SF7 with a bandwidth of 250 kHz. Although
the payload of the UWB would allow using the transceiver
not only for ranging but also for data communication, opting
for LoRa has the distinct advantages of wider range and easy
integration in existing widely available IoT infrastructure. This
enables applications in campus-area networks or sensing tasks
besides pure localization, e.g., workplace exposure monitoring
[41], [42].

B. Energy-efficient System Design

The key enabling concept for energy-neutral indoor localiza-
tion with the precision of commercial UWB is the shift from
an infrastructure-centered to a sensor-centered operation. This
allows the initiation of the localization sequence by the mobile
tag and, consequently, the power-gating of large circuit parts -
including the UWB transceiver - when no localization updates
are required. Combined with an accelerometer as a wake-up
circuit, this allows an event-driven operation with low-power
sleep operation during event-free periods. In an event-driven
system, energy consumption is typically dominated by leakage
and the consumption of the wake-up circuit. System-level
power gating with SiP32431 load switches on every functional
block of Fig. 5 is used to minimize leakage currents. This
results in the following main power modes:

LOCALIZATION - During a localization event, all power
domains are activated with a power consumption of up to
200mW when UWB messages are received.

ACTIVE - In the active power mode, the event and power
management circuit is turned on. The 8-bit microcontroller is
running at 31 kHz, and the accelerometer is configured in its
lowest power motion wake-up mode. The power gating of the
localization domain results in a consumption of 22 µW.

SLEEP - By configuring the microcontroller in its sleep
mode, the consumption can be further reduced to 4.68 µW
while allowing energy harvesting and event-driven motion
wake-up functionality.

DEEP SLEEP - The potential of the circuit architecture for
leakage reduction is recognizable in the lowest power mode
of deep sleep. In this configuration, which is only relevant for
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the circuit’s shelf-life, the accelerometer and EH circuit are
power gated, and only LDO, RTC, and MCU stay supplied.
As a wake-up source, the sub-threshold RTC can be used. In
order to return to higher power modes, the localization domain
has to be activated and the accelerometer reconfigured. The
combination of all design steps allows a reduction of circuit
leakage to 47 nA, resulting in a typical consumption of only
173 nW.

C. Event-driven Localization

Energy-costly localization events are reduced to a minimum
by utilizing the timekeeping features of the energy- and event
management circuit and the motion wake-up configuration
of the accelerometer. An overview of such an event-driven
localization event is given in Fig. 6. Most of the time, the
tag is operating in SLEEP mode with a known position from
the previous localization event. If the tag is moved with an
acceleration (ACC) higher than the programmed threshold,
an interrupt wakes the 8-bit microcontroller of the energy-
and event management domain changing the power mode to
ACTIVE. The watchdog interrupt (WDI) of the real-time clock
is used to detect the end of the motion with minimal energy
overhead. By exploiting the recurring interrupts generated
by the accelerometer during movements to reset the WDI
timer, further interaction with the 8-bit microcontroller is
unnecessary, and the circuit can operate in SLEEP mode.
Shortly after the motion, a WDI timer overflow will wake
the energy- and event management circuit to trigger a new
tag localization. To do so, the localization domain is powered
up, and the double-sided two-way ranging sequence is started.
The tag position is determined with the optimal multilateration
algorithm introduced in III-B. Finally, the new position is
transmitted with the tag ID to a remote server via LoRa before
returning to the initial configuration of SLEEP.

V. ENERGY HARVESTING
CHARACTERIZATION AND MODELING

To analyze the self-sustainability of the proposed system,
the individual functional blocks have been evaluated in terms
of functionality, power consumption, and efficiency. This in-
depth characterization is subsequently used to build an accu-
rate circuit power model and validate the system’s long-time
energy neutrality.

The evaluation of the energy consumption during localiza-
tion events, including a direct comparison between the QORVO
DW1000 and DW3000 UWB transceiver, is given in subsec-
tion V-A. Subsection V-B shows the characterization of the
energy harvesting transducer. Based on the characterization, an
accurate power path simulation model is created in subsection
V-C. Subsequently, in subsection V-D, the model performance
is verified in a one-week-long lab experiment in controlled
conditions. Finally, subsection V-E systematical analysis long-
time energy neutrality based on simulation.

A. Energy Consumption with Experimental Measurements
Fig. 7 (a) visualizes the power consumption during a lo-

calization event with the corresponding states in the top bar.
At t = 0 s, the localization is started by enabling the related
DCDC converters. After 17ms, the 32-bit microcontroller
finished the start-up phase and the initialization of the periph-
erals. The 250mW inrush spike at 17ms marks the activation
of the UWB sub-circuit and the start of the double-sided two-
way ranging sequence pictured as one TX peak followed by
four RX anchor messages. The sequence is repeated before
calculating the tag-anchor distances to allow the two-way
error correction based on the algorithm introduced in III-A.
If at least three distances are valid, multilateration is used to
calculate the tag position before transmitting the new location
to the remote server via LoRa. Finally, after 118ms, the tag
returns to its initial SLEEP state. The power consumption has
been recorded with a disconnected solar cell and by replacing
the battery with a KEYSIGHT N6782A source/measurement
unit (SMU) module configured to 3.7V. A breakdown of the
sub-circuits energy consumption for different battery voltages
is given in Table II.

The influence of UWB oversampling on the energy con-
sumption per localization event, together with a comparison
of the QORVO DW1000 and DW3000 based UWB module is
shown in Fig. 7 (b). The novel DW3000 model reduces the
energy per ranging event by 45% in a similar configuration.
The energy cost for oversampling is 7.35mJ and 3.34mJ
for the DW1000 and DW3000 IC, respectively. Similarly to
the oversampling, the node’s energy consumption will scale
linearly with the number of event-driven activations.

B. Characterization Energy Harvesting Transducer
To optimally match the solar cell with the energy harvesting

circuit, the CP4.2-37 cell was first characterized in open

TABLE II
ENERGY CONSUMPTION DURING LOCALIZATION EVENT

Subsection
Energy consumption Ebat

Vbat = 3.4V Vbat = 3.7V Vbat = 4.15V

MCU 2.87mJ 2.89mJ 2.97mJ

Multilaterationa 0.23mJ 0.24mJ 0.31mJ

UWB 4.72mJ 5.17mJ 5.31mJ

LoRa 2.68mJ 2.79mJ 2.84mJ

Total 10.28mJ 10.84mJ 11.13mJ

a Part of MCU consumption
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Fig. 7. Circuit power characterization (a) Circuit power consumption during a localization event with deactivated oversampling. (b) Energy consumption per
localization event as a function of the oversampling rate. (c) SP4.2-37 solar cell output power in matched conditions. The inset shows the cell response to a
varying load.

circuit and matched conditions. Fig. 7 (c) shows the maximal
output power of the cell in indoor lighting conditions. For
the measurement, the cell was placed in a darkened chamber
artificially illuminated with a broadband light source while the
output was monitored and loaded with a KEYSIGHT B2902A
SMU. The inset shows the solar cell’s typical response to a
varying load at a constant illuminance of 200 lx and a maximal
power point at 75% of the open-circuit voltage.

C. Circuit Model Creating

Analyzing energy neutrality over the targeted years of
operating time inevitably requires an analytical approach. For
that reason, the information collected on the energy harvesting
transducer and the circuit is used to create an accurate system
power path model used as a foundation for an in-depth analy-
sis. Applying a model-based design approach in combination
with indoor light datasets allows not just the simulation of
harvested and consumed energy but also the validation of
design decisions, such as the energy storage element selection
[43].

1) Indoor lighting dataset: The indoor solar harvesting
dataset presented in [44] is used to analyze self-sustainability
in-depth. In version 2.0, it contains, among other data, the illu-
minance logged in an office environment over approximately
two years. In particular, the dataset comprises two low-light
office locations with little natural light (P06 and P13) and two
office locations with significant natural light and partly direct
sunlight (P14 and P17). In addition to that, the dataset contains
with location P18, a very-low light measurement that can be
used as a baseline for the system’s shelf-life. An overview of
the positions and the associated illuminance during the day,
together with the standard deviation, is given in Table III. The
daily energy column exemplifies a thin-film solar cell’s energy
harvesting potential per square centimeter.

2) Circuit simulation model: A comprehensive simulation
model has been derived based on exhaustive lab measurements
to allow a realistic evaluation of long-term self-sustainability.
The high-level overview of the sensor node’s power path im-

plemented as a multi-domain MATLAB SIMULINK simulation
model is shown in Fig. 8.

Solar Cell Model - The solar cell behavior in matched condi-
tions can be directly described with higher-order polynomials
based on the characterization subsection V-B.

EH Circuit Model - To fully characterize the circuit’s
energy conversion efficiency, the harvesting circuit was tested
in all relevant operational states by replacing the energy-
harvesting transducer and battery with a KEYSIGHT B2902A
SMU. Subsequently, a Random Forest regression model was
trained to calculate the circuit efficiency as a function of input
voltage, input power, and battery voltage. In addition to the
energy conversion behavior, the circuit model considers the
consumption of the energy and power management domain
and the overcharge protection of the energy storage element.

Load Model - Due to the power gating of the localiza-
tion circuit, the host system is typically modeled solely by
consideration of the accelerometer consumption in wake-up
mode. The event-driven activation of the localization circuit
is accounted for, based on the circuit’s energy consumption
measured in subsection V-A.

Battery Model - The characteristics of the battery storage
element can be directly emulated by a MATLAB SIMULINK
generic battery model block. To also model the battery self-
discharge, the leakage is considered LiPo typical as a percent-
age of the state of charge (SoC) per month.

TABLE III
DATASET SOLAR ENERGY HARVESTING POTENTIAL

Position Illuminance (day) Daily Energy

P06 112 ± 52 lx 54 ± 33mJ/cm2

P13 101 ± 46 lx 49 ± 32mJ/cm2

P14 464 ± 313 lx 393 ± 331mJ/cm2

P17 356 ± 172 lx 294 ± 191mJ/cm2

P18 28 ± 3 lx 11 ± 7mJ/cm2
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Fig. 8. The high-level overview of the circuit’s power model.

D. Circuit Model Verification

The harvesting circuit of the physical prototype is analyzed
under controllable and repeatable environmental conditions to
verify the created system model. This is achieved by placing
the solar cell in a darkened chamber, artificially illuminated
by a controllable broadband light source. Thus, the circuit
behavior can be precisely monitored while emulating realistic
indoor light scenes. In particular, the following experimental
setup has been used to determine unknown battery parameters
and assess the simulation model’s performance:

The illuminance is controlled and monitored with two
software-controlled source/measurement units, KEYSIGHT
N6782A, connected to a halogen lamp and a photoresistor.
Currents and voltages are logged with KEYSIGHT 34465A
multimeters in high-z input configuration between solar cell
and energy harvesting converter as well as between converter
and battery. Finally, the load is emulated with a highly precise
KEYSIGHT B2902A SMU connected parallel to the battery.

Fig. 9 shows the model verification results from a one-week-
long controlled lab experiment reproducing the illuminance of
dataset [44] on position P17. Errors caused by degeneration
of the lamp during data acquisition are compensated by using
the measured illuminance as an input source for the simulation
model. For the measurement, the event-driven system behavior
is mimicked with random localization events visualized in the
top bar of the figure. The first subplot of Fig. 9 illustrates
the illuminance in lux emulating a dynamic indoor light scene
with partially direct sunlight. The second subplot shows the
conversion efficiency of the EH boost converter reaching up to
91% during bright scenes. Subplots three and four show the
battery charge power and the corresponding error expressed in
µW between measurement and simulation. During the night
or localization events, the system operates predominantly from
the energy stored in the battery visualized by a negative charge
current. The error shown in subplot four is visualized as a
mean calculated of a sliding window with a length of 15min.
Finally, the lowest subplot illustrates the predicted battery
state-of-charge (SoC) changes due to the harvested energy.

The model performance metrics resulting from the verifi-
cation experiment are summarized in Table IV, where P̂CH

represents the predicted battery charge power of the model
and PCH the measured counterpart. The results show a root
mean square error (RMSE) of 6.3 µW for the power balance
between measurement and simulation in the 7 d long period.
The model’s coefficient of determination can be calculated
according to Eq. (3) as 0.988. By integrating the measured
and simulated battery charge power over time, the energy error
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Fig. 9. Model verification based on a one-week-long measurement under
controlled lab conditions.

(Eerr%) can be calculated following Eq. (4) as −1.18% in
the analyzed timeframe. The precise replication of the circuit
dynamics demonstrates simulation accuracy with a negligible
error compared to component tolerances, thus allowing a
reliable analysis of the system’s long-time behavior.

E. Analysis Long-time Energy Neutrality

The results of the long-time energy-neutrality analysis are
summarized in Fig. 10. Subfigure (a) shows the mean har-
vested and consumed energy per day for a tag deployed at the
five previously mentioned positions. A battery self-discharge
rate of 3%/month is considered for the simulation, and the

TABLE IV
MODEL VERIFICATION RESULTS

Metric Definition Result

RMSE

√√√√ 1

n

n∑
i=1

(
P̂CH,i − PCH,i

)2
(2) 6.3µW

R2 1−

∑n
i=1

(
P̂CH,i − PCH,i

)2

∑n
i=1

(
PCH,i − 1

n

∑n
j=1 PCH,j

)2

(3)

0.988

Eerr%

∫
P̂CH,i(t) dt∫
PCH,i(t) dt

− 1 (4) −1.18%
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Fig. 10. Model-based design long-time evaluation of the proposed self-sustainable indoor localization circuit. (a) Average energy balance in five different
indoor lighting conditions. (b) Battery state of charge in idle condition. (c) Influence of the battery self-discharge on the energy balance.

overcharge protection is configured to 4.2V. To decouple the
simulation from a specific load profile caused by localization
events, the energy surplus is considered to be consumed by
the circuit. Thus, the overcharge protection is assumed not to
influence the harvested energy and the corresponding harvest-
ing losses. The initial state of charge has been configured to
50%.

Due to the underlying dataset’s high illuminance variability,
the harvested energy per day varies significantly. On position
P18, the circuit shows a negative energy balance despite being
able to harvest 0.19 J/d on average. In the low-light locations,
P13 and P06, the circuit achieves on average an energy surplus
of 0.11 J/d and 0.20 J/d, respectively. The surplus allows
to perform 10 to 18 localizations per day or to charge the
battery further. Significant more energy can be harvested at the
office locations with natural light (P17 and P14). The typical
5.2 J/d and 7.3 J/d result in a fully charged battery or 480
and 670 localizations per day. Vital for the application, despite
a small gap between harvested power and idle consumption,
is the capacity of the energy storage element. The 50mAh
battery allows energy storage for up to 62 k localization events,
ensuring operation also during energy-dry periods.

A closer look at the consumed energy clearly shows that
the battery self-discharge dominates the system’s idle con-
sumption, especially when the battery gets fully charged, as
shown in Fig. 10 (b). In the case of P18, the negative energy
balance results in a battery discharge from 50% to 11% in
the analyzed 700 d long timeframe. In contrast to that, the
positions with natural light charge the battery fully in less
than two months. P06 and P13 illustrate the importance of the
long-time analysis with energy-positive and negative phases
depending on the season.

Finally, Fig. 10 (c) analysis the influence of the battery
self-discharge on the energy balance, which is a critical factor
of efficiently designed sensor nodes [45]. For the simulation,
the illuminance of position P13 has been chosen as the input
source, and the self-discharge rate is varied. The curve shows
the state of charge after 700 d with minimum and maximum
values as a shaded envelope during this period. Up to a self-
discharge rate of 4.3%/month, the system reaches energy
neutrality with a state of charge of 50% at the beginning and
end of the time period.

VI. INDOOR LOCALIZATION
APPLICATION-SPECIFIC EVALUATION

To evaluate the localization performance of the designed
tag depicted in Fig. 4, localization accuracy is first analyzed
in 2D and 3D. Subsequently, the system’s indoor positioning
capability is used for machine learning-based asset tracking in
a real-world office environment.

The single- and multi-room localization accuracy is vali-
dated in subsection VI-A. Subsections VI-B and VI-C con-
clude the evaluation by demonstrating the accuracy during
indoor asset tracking and discussing the limitations of the
design.

A. Localization Accuracy in Real-world Environment

The ranging accuracy has been analyzed independently of
the energy consumption in a multi-room environment. The
experimental setup, shown in Fig. 11 (a), is an over 200m2

office space composed of seven rooms. The environment
has been selected purposely non-idealized, with partly steel-
reinforced concrete walls, working staff, and multiple metal
shelves and cabinets. The UWB anchors, visualized as yellow
stars in Fig. 11, have been mounted on tripods at the height
of 2m and 1.5m. The data has been acquired based on two
individual datasets (single-room: 51 positions, 6k samples,
multiroom: 18 positions, 2k samples). Employees regularly
used the office space during data acquisition, and the node
antenna was rotated at individual testing locations. All data
processing was conducted in real-time on the sensor node
running the embedded algorithms presented in section III. The
ground truth was determined with a laser distance meter to
calculate the absolute error.

Fig. 11 (b) and (c) show the cumulative distribution func-
tion (CDF) of the localization error when applying a 2D
and 3D multilateration, respectively. The results suggest that
oversampling and averaging do not positively impact the
localization error. This is due to the system’s high precision
but limited accuracy and is caused by the antenna orientations
and environmental influences, such as walls and shelves, in the
realistic setup. The system executing the trilateration algorithm
introduced in III-B reaches an average error of 28 cm and
50 cm in the single-room setup for 2D and 3D localization.
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Fig. 11. Localization accuracy in single- and multi-room environments. (a) Floor plan of the 200m2 office space with marked UWB anchors. (b) CDF of
the 2D error calculated as Euclidean distance. (c) CDF of the 3D error.

For all rooms, an error of 0.4m in 2D and 1.2m in 3D was
reached. It is important to point out that overall accuracy in the
multi-room scenario increases due to the data points collected
in the proximity of the anchors. In the acquired multi-room
dataset, 32% of the samples are collected in the room with
anchors, increasing the mean measured localization accuracy
by 8 cm (2D) and 17 cm (3D). The room layout combined
with the anchor placement also showcases the limitations of
the UWB-based system. By leaving the office space via the
north exit, signal reception is too low for reliable double-sided
two-way ranging. Aside from that, the anchor placement in
the corner of the office space implies that up to three times
the area could be covered with a four-anchor system and an
optimal floor plan.

B. Indoor Asset Tracking

Beyond the pure localization error, the system has been
analyzed in the targeted application of indoor asset tracking.
For this purpose, an independent dataset has been acquired
containing 24 desk- and 12 shelf-positions visualized in
Fig. 12 (a). In addition to fixed positions, data was collected
while carrying the tag in the office space and close to the exit.
As input features, the on-board processed three-dimensional
multilateration output was used. The tag was mounted on the
exterior of a plastic box during the data acquisition, and care
was taken to acquire data from the full table surface. Overall
this results in 38 labeled classes, each represented by more
than 500 data points.

Fig. 12 (b) shows the comparison of the classification
accuracy, defined as the sum of the correctly predicted labels
(True Positive, False Positive) over all classified samples
(True Positive, True Negative, False Positive, False Negative)
according to Eq. (5), for different classifiers.

Accuracy =
TP + TN

TP + TN + FP + FN
(5)

To avoid overfitting, 10-fold cross-validation is used. A sup-
port vector machine (SVM) with a Gaussian kernel and a
random forest-based classifier allows distinguishing between
the different locations with a classification accuracy of over
95% without UWB oversampling and averaging. Despite the

negligible influence on the absolute error shown in the previ-
ous section, oversampling reduces outliers and thus enhances
the classification accuracy to 99% for rates higher than 14.
Fig. 12 (c) visualizes the accompanying receiver operating
characteristic (ROC) curve for the random forest classifier and
an oversampling rate of one.

The splitting of the dataset into subsets for table- and
shelf-positions, summarized in Table V, details the system’s
limitations. Misclassifications occur predominantly between
the individual shelf positions due to the importance of height
information. In addition to the height limitations, the non-
classified class, collected while carrying the tag, comprises
hard-to-classify outliers when oversampling is deactivated,
limiting the accuracy. In contrast to that, table positions can
be detected accurately in the entire office space, resulting in a
comparable localization performance for the complete dataset
(multi-room) and its single-room subset.

The measurement results clearly show the system’s applica-
bility for the asset tracking scenario. The localization accuracy
limiting factors, such as anchor orientation and static environ-
mental influences, can be compensated sufficiently during the
training phase.

C. Discussion

This work is motivated by the vision of an unobtrusive and
highly accurate indoor asset tracking system with conservative
infrastructure overhead. It is evident that the opposing design
objectives of unobtrusiveness, and therefore the requirement
for energy autonomy, on the one hand, and the high accuracy,
on the other hand, are not without any limitations.

TABLE V
RANDOM FOREST CLASSIFICATION ACCURACY FOR DIFFERENT DATA

SUBSETS AS A FUNCTION OF THE OVERSAMPLING RATE.

Subset
Oversampling

1 5 20 15

ac
cu

ra
cy

table 97.93% 98.77% 99.27% 99.48%

shelf 91.49% 94.50% 96.99% 98.21%

singe-room 95.18% 96.82% 98.14% 98.90%

multi-room 95.19% 97.06% 98.20% 98.85%
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Fig. 12. Indoor asset tracking application based on the proposed self-sustainable sensor. (a) Floor plan with marked location classes. The inset shows the
shelf positioned in the room with the anchors to achieve maximum classification accuracy. (b) Classification accuracy of the trained classifiers as a function
of the oversampling rate. (c) Mean ROC curve of a random forest classifier trained on data with deactivated oversampling.

Opting for state-of-the-art commercial UWB transceivers
combined with double-sided two-way ranging has the advan-
tage of reaching a few tens of meters communication range
and robust localization even in realistic NLOS environments.
These advantages come at the cost of significantly increased
energy consumption during localization. By utilizing event-
driven sensing based on the tag-centralized approach, the
impact of the localization system on the overall energy budget
can be reduced significantly. However, energy savings based
on event-driven operation strongly depend on the incidence
of localization events. If applications with a high localization
sampling rate, such as trajectory tracking, are targeted, the
low environmental energy will be insufficient to serve the
circuit’s energy demand. Thus the presented work is limited
to applications that tolerate sparse location updates.

In addition, despite reaching over 100m in LOS scenarios,
the building structure inevitably highly affects UWB-based
systems applied indoors. Thus, for large-scale settings, a
denser anchor grid is necessary. This is particularly relevant
if 3D localization accuracies below a half meter are required.
In the presented example of subsection VI-B, shelf positions
could only be reliably determined due to the anchor placement
in the proximity of the shelf.

VII. CONCLUSION

This paper presented the design of an energy-neutral indoor
asset tracking system. This includes a hardware-software co-
designed event-driven tag and full characterization of the
proposed circuits and algorithms and their influence on the
system’s energy budget. The heterogeneous circuit has been
designed for nano-quiescent current operation, by offload-
ing control tasks to a programmable, highly energy-efficient
energy- and event-management domain. Combined with an
accelerometer in motion wake-up configuration, this allows an
event-driven activation of the ultra-wideband-based localiza-
tion circuit. The experimental results demonstrate the benefits
of the design with a quiescent current of 47 nA in the most
efficient power mode of deep-sleep and 1.2 µA with active
energy harvesting and motion wake-up circuit.

The implemented double-sided two-way ranging combined
with the embedded optimal multilateration reaches an average

localization error of 28 cm and 50 cm in the single-room office
setup for 2D and 3D localization, respectively. In the multi-
room setup, 0.4m in 2D and 1.2m in 3D were reached.
These results were achieved in a realistic and dynamic office
environment with four anchor nodes and without calibration or
optimal alignment of antennas. Applied for asset tracking in
a 200m2 office space, an object with an attached sensor node
can be localized with an accuracy of over 95% (38 classes).

Finally, the system’s long-time self-sustainability has been
analyzed over 700 d in multiple indoor lighting situations.
The 50mAh sized battery enables up to 62 k localization
with an energy consumption per localization of 10.84mJ. The
energy harvesting subsystem allows next to the balancing of
the circuit’s idle consumption and the battery self-discharge for
an additional 10 to 500 localization per day in typical indoor
lighting conditions.
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