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Abstract— Asset tracking is particularly important in muse- 
ums, as it enhances security and simplifies the management of 
valuable artworks in both exhibition and storage. This paper 
details the development and evaluation of a custom-designed 
asset tracking tag that meets museum-specific requirements. To 
ensure energy-neutral operation, enabling minimal maintenance, 
the suggested implementation utilizes indoor light harvesting and 
event-based sampling. The presented tag operates at an ultra-low 
quiescent current of just 504 nA in motion-detection mode. For 
on-demand sampling, an energy-efficient wake-up receiver (WuR) 
enables remote activation at a total system current consumption 
as low as 2 µA. Localization samples were optimized to only 
consume 1.3 mJ per 2D-localization. The expected battery- 
life was assessed through simulations using a low-light indoor 
lighting dataset over the span of one year with a small 9.7 cm2 
photovoltaic (PV) cell. The results indicate that the tag achieves 
energy-neutral operation on a 20 mAh battery, supporting up 
to 60 localizations per day. With the WuR enabled, the tag 
is projected to operate for up to two years between charges, 
depending on the required localization frequency. 

Index Terms—Energy harvesting, ultra-wideband (UWB), In- 
ternet of Things (IoT), localization, asset tracking, ultra-low 
power, energy harvesting, energy-neutral, wake-up receiver, sen- 
sor systems and applications. 

 

I. INTRODUCTION 

Indoor localization has shown to be of particular interest 

in recent years due to its potential to facilitate tasks such 

as asset tracking or indoor navigation in public spaces [1]. 

Long time established satellite localization networks such as 

the global navigation satellite system (GNSS) are not suitable 

for indoor localization, because of the reduced performance 

caused by non-line of sight conditions indoors and the high 

power requirements. Many emerging technologies have been 

extensively researched in recent years to address this gap [2]. 

Until recently, most methods based on traditional baseband 

modulated communication system such as Wi-Fi or Bluetooth 

Low Energy (BLE) relied on the received signal strength 

(RSS) for distance estimation. While RSS-based localization is 

easy to implement for relative distance estimation, it provides 

limited accuracy [3], [4]. As a result of the need for preci- 

sion location-aware Internet of Things (IoT) devices, newer 

generations of these technologies include improved ranging 

capabilities. Ranging using round-trip time (RTT) was added 

to wireless fidelity (Wi-Fi) in IEEE 802.11-2016 [5] as the 

fine-timing measurement (FTM) feature. For Bluetooth, angle 

of arrival (AoA) and angle of departure (AoD) features were 

introduced in the Bluetooth Core Specification v5.1 [6]. AoA 

and AoD allow localization through the use of triangulation. 

With Bluetooth Core Specification v6 [7], RTT and phase- 

based ranging (PRB) were officially introduced to enable more 

accurate distance measurements. 

Ultra-wideband (UWB) has proven to be of particular interest 

for short distance, indoor ranging, as its underlying technology 

offers important advantages over Wi-Fi and BLE: 

1) The use of wideband pulses instead of baseband mod- 

ulation allows for more accurate RTT measurements, 

resulting in better spatial resolution [8]. 

2) The congested bands used by BLE and Wi-Fi cause prob- 

lems for the time-critical RTT measurements [9]. Due to 

the low number of deployed devices using UWB technol- 

ogy and the difference in working principle compared to 

baseband modulated technologies, UWB promises better 

reliability [10]. 

The latest range of phones from Apple, Google, and Samsung 

include UWB integrated circuit (IC)s to enable features such 

as personal asset tracking or secure key-less car entry [11]. 

The AURORA project, funded by the European Commission 

[12], aims to develop a tracker system for valuable artworks 

in museums. Indoor asset tracking is of great interest for 

museums as it promises to enhance security of the art pieces 

while they are in the showroom and to ease asset management 

while in storage. The application of asset tracking in museums 

provides a special case, as the mobility of the tracked object 

is expected to be low compared to asset tracking of personal 

objects or in industrial logistics. Because the tag needs to 

be attached to the art piece directly, it should be small, 

inconspicuous and require little maintenance. To meet these 

requirements, energy harvesting is employed to enable the 

battery to be as small as possible. Specifically, solar energy 

harvesting was selected, as museums provide a predictable 

and consistent environment when it comes to lighting due to 

predefined opening hours and light settings. 

This research work presents the development of a UWB-based 

asset tracking system. In particular, the contributions of this 

work are as follows: 

(i) The hardware and software design of an asset tracking 

tag fitted to the requirements of a museum. 

(ii) An evaluation of the tag’s characteristics in terms of 

power consumption and ranging accuracy, demonstrating 

a stand-by power consumption of only 1.86 µW using an 



 

event-based system-design enabled by a tag-centralized 

topology. 

(iii) A simulation-driven evaluation of energy-neutral opera- 

tion using indoor solar harvesting under artificial lighting, 

assuming a typical illuminance of 90 lx. 

The rest of this paper is structured as follows: Section II 

discusses recent literature on localization technologies, asset 

tracking, and solar energy-harvesting. Section III provides the 

relevant background. Section IV introduces the implementa- 

tion of the tracking tag and the anchor network. Section V 

presents the evaluation of the hardware in terms of power 

consumption, ranging accuracy, and analyzes energy-neutral 

operation based on a literature indoor lighting dataset. Finally, 

Section VI gives a brief overview of the findings. 

II. RELATED WORK 

Some of the examined localization technologies such as the 

acoustic approach presented in [13], or visual ones as in [14], 

[15] are easily disturbed by environmental noise which is a 

problem for applications in busy areas. Integrations using Wi- 

Fi were found to be more suitable for fingerprinting rather 

than the tracking of tiny IoT devices [2], [16]. While BLE 

was found to offer a lower peak power consumption compared 

to UWB [4], evaluations show that heavy oversampling and 

data processing are required for accurate localization based 

on BLE RSS [4], [17], which mitigates the power advantage. 

The inclusion of PRB enables better BLE-based ranging at 

accuracies below 0.5 m, but it still lags behind UWB RTT im- 

plementations with errors smaller than 10 cm [4], [18]. Based 

on this assessment, UWB was selected as the technology of 

choice for this implementation. 

For the solar energy harvesting, the authors in [19]–[21] 

have shown that the power density of photovoltaic (PV) cells 

is heavily influenced not only by the illuminance, but also by 

the spectrum of the ambient light. In [22] Ferre´ et al. compared 

various PV technologies under different types of artificial 

lighting. These publications indicate that an evaluation of 

the selected PV cell under the targeted spectral conditions 

is crucial for accurate performance predictions of energy 

harvesting systems. 

In [23] Mayer et al. implemented and thoroughly analyzed 

a UWB-based asset tracker with PV energy harvesting. It 

features a motion-detection mode at 1.2 µA static power 

consumption and localization samples require an energy of 

10.82 mJ per sample. This systems energy-neutrality was 

analyzed over a time frame of over 700 days in simulation 

and a one-week-long lab experiment. 

In comparison to previous works, the tag developed in this 

work meets the requirements for a deployment in museums. 

Specifically, a small footprint is targeted. The selected solar 

cell has an area of only 9.7 cm2. Additionally, all evaluations 

were performed under the assumption of LED lighting. To 

achieve long-term operation under these conditions, an event- 

based hardware structure with fine-grained power control of in- 

dividual components is used. This allows the system to achieve 

a very low quiescent current in motion-detection mode, which 

combined with the batteries self-discharge dictates achievable 

battery life in the defined setting. 

III. BACKGROUND 

The two main approaches to localization when using UWB 

are time-difference of arrival (TDoA) and two-way ranging 

(TWR). In the TDoA scheme, the location of the tag is 

calculated from the time difference of the reception of a 

frame sent by the tag to synchronized anchors. TDoA enables 

better scalability when it comes to tag density and localization 

frequency, and minimal energy consumption on the tag side as 

only one transmission is required. On the downside, it requires 

regular and highly precise synchronization of the time base 

between anchors due to clock drift. To solve the trilateration 

problem, at least one additional anchor is required compared 

to the TWR approach [24]. 

As mentioned in the introduction, the frequency of localiza- 

tions is expected to be generally low in the discussed scenario. 

Thus, TWR, or more specifically single-sided two-way ranging 

(SS-TWR), will be used. In SS-TWR the RTT of a single 

message exchange between the tag and the anchor is used to 

calculate the distance. The delay TDelay between the arrival 

of the initial message at the anchor and the response by 

the anchor is either fixed or included in the response. From 

TDelay and the time between the transmission and reception 

at the tag TRound, the propagation delay can be calculated as 

TProp = (TRound −TDelay)/2. To enhance accuracy, TDelay can be 

corrected by the clock offset between the tag and the anchor 

[25]. The clock offset is automatically calculated from the 

channel impulse response (CIR) by the used Qorvo DW3110 

UWB transceiver [26]. 

IV. SYSTEM ARCHITECTURE 

For a fully functional UWB localization system, in principle 

two parts are required: First, the tag that is attached to the 

object that needs tracking. Secondly, the tag needs at least 

three or four anchor points within range to enable 2D or 3D- 

localization, respectively. These contact points are typically 

called anchors and enable the calculation of the tag’s position 

using trilateration from their location and their distance to the 

tag. The calculation of the tags position is done on a processing 

server and not the tag itself. 

This work primarily focuses on the implementation of the 

ultra-low power tag. It is important to note that functionality is 

tag-centralized, meaning that whether sampling is necessary is 

decided by the tag itself rather than the surrounding network. 

This is key to enabling the ultra-low power implementation. 

A. Tag Hardware 

Figure 1 presents a high-level block diagram of the hardware 

architecture employed for the tag. It is divided into the 

localization and the always-on subsystems, enabling energy- 

efficient event-based operation. The following section outlines 

the key functionalities provided by the components in each 

subsystem. 
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Fig. 1: Block diagram of the tag hardware. 

Always-On Subsystem - In the sleep state, motion-based 

events can be generated by the ANALOG DEVICES ADXL367 

accelerometer. It features motion detection functionality with 

an adjustable acceleration threshold, sampling frequency, and 

filtering with a claimed current consumption of 181 nA. The 

E-PEAS AEM13920 energy harvesting IC supplies the 1.8 V 
system voltage. It charges the battery from a solar cell using 

maximum power-point tracking (MPPT) if the lighting condi- 

tions are sufficient. In addition, it monitors the battery’s charge 

state. The RFICIENT FH101RF wake-up receiver (WuR) is 

used to allow a wake-up of the system from a remote on-off 

keying (OOK) modulated source at a current consumption of 

only 2.6 µA while listening on the 868 MHz band. The bit 

rate of the OOK signal is configurable, presenting a trade- 

off between wake-up latency and power consumption. The 

most central part of the always-on subsystem is the AMBIQ 

AM1815 real-time clock (RTC). It monitors events from the 

accelerometer, the energy-harvesting IC, the WuR and allows 

for timed wake-ups. On an event, it toggles power to the 

microcontroller (MCU) for processing. Additionally, the RTC 

controls power to the WuR to allow fine-grained system 

power states with different functionality based on the harvested 

energy and defined requirements. 
Localization Subsystem - The NORDIC SEMICONDUCTOR 

nRF52832 is a Cortex-M4 based MCU that processes the 

generated events and controls power to the QORVO DWM3000 

UWB module and a TEXAS INSTRUMENTS HDC2080 tem- 

perature and humidity sensor. It is implemented as part of 

an INSIGHTSIP ISP4520 system-in-package (SiP) that also 

contains a SEMTECH SX1261 long range (LoRa) transceiver. If 

an insufficient number of anchors are available for localization, 

the LoRa communication IC can be used to indicate to the 

server that either the device has been moved out of range of 

the anchors or that there is a problem with the anchor network. 

Figure 2 shows the assembled tag PCB. 

B. Anchor Network 

For the anchors, the QORVO DWM3001CDK development 

board was used. It combines a NORDIC SEMICONDUCTOR 

nRF52840 MCU with the QORVO DW3110 UWB transceiver 

and a printed circuit board (PCB) antenna. The anchors are 

assigned one of following two roles: 

Standard Anchor - Once powered on, the standard anchor 

starts advertising its own position and device-specific address 

to nearby anchors on a fixed interval. It is configured to 

only respond to messages containing its address using the 

IEEE802.15.4-2020 medium access control (MAC) frame for- 

mat with 2-byte addressing. 

Coordinator - The coordinator listens and responds to a 

given address as well as broadcast messages if required. It in- 

corporates an additional LoRa wide-area network (LoRaWAN) 

transceiver to communicate with a LoRaWAN gateway that 

connects the network to the data processing server. Based on 

the broadcast messages from the standard anchors, it builds 

information about the surrounding network. 

C. Tag Software Routine 

Once power to the MCU is enabled, the source of the event 

that caused the wake-up, the battery voltage, temperature, 

humidity, and the distance to a pre-configured number of 

anchors with given oversampling are collected and sent to the 

coordinator via UWB where it is relayed to the cloud. Because 

the tag’s MCU is not powered most of the time, it is assumed 

to have no information about the surrounding UWB network. 

Thus, the first SS-TWR sample is initiated on the broadcast 

address of the personal-area network (PAN). The coordinator 

replies to this message with the information required for the 

TWR exchange and the addresses of more nearby anchors. 

From there, the tag initiates the SS-TWR sessions with the 

anchors’ addresses. 

V. EXPERIMENTAL RESULTS 

A. Ranging Accuracy 

To verify point-to-point ranging accuracy, the implemented 

SS-TWR algorithm was used to calculate the distance between 

the Tag and a fixed anchor at distances of 1, 5, and 10 m apart. 

The ground truth distance was measured between the antennas 

of the two devices using a laser distance meter. Figure 3 shows 

the distribution of the samples at each distance. The worst-case 

distance error was found to be 25.8 cm, and the worst-case 

standard deviation is 6.6 cm. 

B. Static Power Consumption 

To enable accurate modeling of the energy budget, the static 

power consumption of the circuit was measured in all possible 

hardware configurations. The measurement was performed 

 

Fig. 2: (a) The populated tag PCB; (b) The PCB, battery and 

solar panel assembled in a case of size 45 × 41 × 11 mm. 
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Fig. 3: Verification of the SS-TWR scheme in a point-to-point 

measurement without oversampling. The antenna delay was 

calibrated at a distance of 1 m beforehand. 

with a KEYSIGHT N6781A source measurement unit (SMU) 

connected to the battery input. Measurements were taken at 

3.2 V, 3.7 V, and 4.2 V. Table I lists the resulting power 

consumption. Each measurement was performed at a sampling 

rate of 12.5 kHz and averaged over three minutes. 

C. Dynamic Power Consumption 

Localization - Figure 4 shows the typical power consump- 

tion profile during a localization sample. Clearly visible are 

the three pairs of spikes caused by the transmit and receive 

operations required for the SS-TWR in a 2D-localization 

setting. The last spike is caused by the transmission of the 

collected data from the tag to the coordinator. A typical sample 

has a duration of 34 ms and consumes 1.26 mJ of energy 

from the battery if no messages require retransmission. Each 

additional distance sample requires an additional energy of 

185 µJ. As a result, the energy required for a localization 

with m anchors and oversampling p can be approximated as 

ELoc = 705 µJ + 185 µJ · m · p. 

WuR Duty Cycling - To minimize the sleep current 

consumption while still allowing for the remote wake up 

functionality enabled by the WuR, duty cycling can be used. 

The energy required to enable and configure the WuR on 

was measured at 1.07 mJ. Turning the IC off only requires 

reconfiguring the output of the RTC. This comes at a cost 

of 148 µJ. From these results, it can be calculated that duty 

cycling is only viable for long periods. For example, duty 

cycling with a period of one hour and an on-time of 25 % 

-5 0 5 10 15 20 25 30 35 

Time (ms) 

Fig. 4: Power consumption profile during a localization sample 

to three anchors without oversampling. 

server being able to reach the tag after for configuration 

purposes. When this feature is enabled, the energy per sample 

is increased by 1.26 mJ, or a factor of 2. 

D. Energy Harvesting and Self-Sustainable Operation 

To evaluate the self-sustainability of the proposed sensor 

node, each functional block was analyzed in terms of power 

consumption and efficiency. The resulting in-depth character- 

ization was then used to develop a system model -following 

the model-based design approach presented in [27]- to validate 

the node’s long-term energy neutrality and assess key design 

choices affecting overall performance. A summary of the 

specifications used for this assessment is provided in Table II. 

Solar Cell - To optimally match the solar cell with the 

energy harvesting circuit, the KXOB201K04TF cell was first 

characterized under varying load and lighting conditions, 

as summarized in Figure 5. Targeting indoor operation in 

museums with limited exposure to natural light, the solar 

cell’s performance was analyzed using both the broadband 

AM1.5 reference spectrum and a light source consisting of 

high color rendering index (CRI) LEDs designed for color- 

accurate illumination (NICHIA OPTISOLIS NF2W757GT-F1, 

5000 K, CRI 98+). For the measurement, the cell was placed 

in a darkened chamber and artificially illuminated, while its 

output was monitored and loaded using a KEYSIGHT B2902A 

SMU. The inset in Figure 5 shows the solar cell’s typical 

response to a varying load at a constant illuminance of 100 lx, 

would reduce the power consumption by 2.4 µW.   

Another option is to enable the WuR for one minute after a 

localization event. This offers the advantage of the processing 

  EH dataset 

System Configuration VBAT 

Description 

[28], #13 - low light office space 

illuminance (day) 91 ± 69 lx, 1 year data 

 
  

EH RTC  ACC WuR MCU 3.2 V 3.7 V 4.2 V 
 

 

✓ ✓ 1.5 Hz ✘ ✘ 1.89 µW  1.86 µW  2.16 µW 

✓ ✓ 1.5 Hz  256 b/s ✘ 7.14 µW  7.37 µW 7.5 µW 

✓ ✓ 1.5 Hz  1 kb/s ✘ 9.77 µW  9.89 µW  10.2 µW 

✓ ✓ 1.5 Hz ✘ Idle 454.5 µW  456 µW  459.1 µW 
 

TABLE I: Power consumed from the battery for given static 

system configurations at three battery voltage levels. 

EH transducer 
ANYSOLAR KXOB201K04TF 

23 × 42 × 1.2 mm, 2 g 

EH circuit 
E-EPAS AEM13920 

MPPT 70 %, overcharge protection 4.2 V 

Energy storage element 
NGK ENERCERA EC382704P, 20 mAh 

38 × 27 × 0.45 mm, 0.73 g 
 

TABLE II: Key specifications of the designed energy- 

harvesting-powered sensing node. 
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squared value of 0.94 using 10 % as test data. 

Energy Storage Element - For further analysis, the energy 

storage element was modeled as a lithium-polymer battery 

following [27], based on the specifications of the NGK 

ENERCERA EC382704P cell, which has a capacity of 20 mA h 

and a self-discharge rate of 1 % of the SoC per month. 

By combining circuit consumption in both static and dynamic 

operation with the modeled energy conversion and storage 

subsystem, the node’s operation over one year was assessed, 

as summarized in Figure 6. 

Figure 6 (a) shows a histogram of the daily energy col- 

lected by the energy-harvesting subsystem over the 365 days 
observation period. During the simulation, the circuit was 

configured in the motion-based wake-up mode. The results 

Fig. 5: Solar cell output power under matched conditions 

measured using the AM1.5 standard spectrum and a cold 

white LED spectrum, respectively. The inset shows the cell’s 

response to a varying load at 100 lx. 

 

revealing a maximum power point at 70 % of the open-circuit 

voltage. It is evident that the absence of the infrared spectral 

component in modern light sources significantly limits the 

silicon cell’s output power, resulting in only a few tens of 

µW of output power in the targeted low-illuminance scenario. 

By combining the cell’s spectrum-specific output power with 

a long-term indoor lighting dataset, the harvested power is 

assessed over extended periods. For further analysis, a subset 

of the dataset presented in [28] was used, comprising 365 days 
of data in a low-light office environment, with a typical 

daytime illuminance of 91±69 lx. 

Energy Harvesting Circuitry - Following a similar ap- 

proach, the AEM13920 IC was characterized across all rel- 

evant operational states by replacing the energy-harvesting 

transducer and battery with a KEYSIGHT B2902A SMU. To 

model the circuit’s efficiency, a Random Forest regression 

model was trained to predict efficiency as a function of 

input voltage, input power, and battery voltage. The model 

was evaluated using 5-fold cross-validation, achieving an R- 

(a) (b) 

show that on 117 days, the system consumption exceeded the 

harvested energy. This typically occurred on weekends, when 

no artificial lighting was present in the room, and during 

winter. In contrast, on days with abundant environmental light, 

the battery could be charged with up to 800 mJ. 
The battery SoC under varying localization event rates 

throughout the observation period is visualized in Figure 6 

(b). When the deployment required more than 370 localization 

events per day, the system experienced power failures, neces- 

sitating manual battery recharging. However, if fewer than 60 

localization events per day were triggered on average, energy- 

positive operation was achieved, resulting in a higher SoC at 

the end of the observation period than at the beginning. If the 

WuR was turned on for one minute after each localization, 

the operation would be energy-positive if fewer than 30 

localization events were required per day. Scenarios with 60 

to 370 localizations per day, as well as configurations where 

the WuR was set to always-on listening, could be sustained 

by the battery’s stored energy over the one-year assessment 

period but were not energy-neutral. 

VI. CONCLUSION 

In this paper, the hardware implementation of an asset 

tracking tag for valuable artwork artifacts in museums was 

presented and evaluated. The design was demonstrated to 
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Fig. 6: Long-term system simulation: (a) Histogram of the daily energy balance; (b) Battery state of charge (SoC) over one 

year of operation for varying numbers of localization events per day. 
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feature a ranging error below 25 cm using SS-TWR without 

oversampling. 

The event-oriented design enables the device to operate in 

sleep mode most of the time. If only motion detection and 

scheduled wake-ups are enabled, the current consumption was 

measured at only 504 nA. The integration of a novel wake-up 

receiver enables localization to be triggered on-demand from 

remote at a current consumption of 2 µA. The energy required 

for a sample was found to be 1.26 mJ. 
A comparison of solar harvesting based on a silicon-based 

solar cell under indoor and outdoor lighting conditions has 

clearly shown that indoor lighting scenarios provide a diffi- 

cult environment for energy harvesting. The extracted power 

is more than 7× lower at an illuminance of 100 lx. Still, 

simulation-based evaluation showed energy-neutral operation 

at up to 60 localization events per day in motion detection 

mode. If on-demand operation with low latency is required, 

the 20 mA h battery was shown to last more than two years 

between charges. 

In future work, the tag’s energy-neutral operation should be 

evaluated in a real deployment in a museum. Integration of the 

tag and anchor system with a central data processing server 

and the localization engine is in progress. 
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