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As the number of Internet of Things devices is rapidly increasing, there is an urgent need for sustainable and
efficient energy sources and management practices in ambient environments. In response, we developed
a high-efficiency ambient photovoltaic based on sustainable non-toxic materials and present a full
implementation of a long short-term memory (LSTM) based energy management using on-device
prediction on loT sensors solely powered by ambient light harvesters. The power is supplied by dye-
sensitised photovoltaic cells based on a copper(i/i) electrolyte with an unprecedented power conversion
efficiency at 38% and 1.0 V open-circuit voltage at 1000 lux (fluorescent lamp). The on-device LSTM

/Eiz:gtee % 62t1hs tF;k;rruciryzS%B predicts changing deployment environments and adapts the devices' computational load accordingly to
perpetually operate the energy-harvesting circuit and avoid power losses or brownouts. Merging ambient
DOI: 10.1039/d35c00659j ; ’ . P . S .
light harvesting with artificial intelligence presents the possibility of developing fully autonomous, self-

rsc.li/chemical-science powered sensor devices that can be utilized across industries, health care, home environments, and smart cities.
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Many applications of emerging technologies are designed to
maximise potential benefits, while their own impact on envi-
ronmental sustainability is often overlooked. Artificial intelli-
gence and the Internet of Things (IoT) have become pivotal
technologies in the advance of innovation, resource efficiency
and human interaction."™ IoT technology, encompassing the
growing number of electronic devices connected to the internet,
will create energy savings of more than 1.6 petawatt-hours
(PWh) each year—equalling the electricity needed to power
more than 136.5 million homes.® Nonetheless, the devices
themselves will raise the worldwide energy demand by 34
terawatt-hours (TWh) by 2030. It is therefore crucial to (i)
employ local energy harvesters for continuous power supply, (ii)
reduce electronic waste by using sustainable materials and
avoiding batteries and (iii) minimise the energy cost of
computation and data transfer. In the present work, we
demonstrate a novel architecture for IoT devices where all three
points are matched: (i) and (ii) by using highly-efficient dye-
sensitized photovoltaic cells to power the sensors and (iii) by
minimizing the operational energy cost by implementing
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machine learning algorithms to process the data and dynami-
cally adapt to the predicted energy availability.

Traditional IoT devices relying on power from unsustainable
batteries, which supply only limited power, require frequent
replacement and are therefore bound to limitations regarding
deployment and scale.®” Contrarily, utilising the surrounding
ambient light as power source marks a paradigm shift for the
design of IoT.>*™ The devices operate autonomously and do not
require elaborate maintenance, as summarised in Fig. 1.
Energy-autonomous IoT can be deployed in places and amounts
previously not feasible due to cost of maintenance. The three
main deployment scenarios for this new type of IoT devices
including their illumination profiles are depicted: factories,
office (or e.g. retail) spaces, and homes. The smart IoT devices
utilise on-device machine learning algorithms to predict the
energy-availability in their (changing) environment, and
adaptively execute computational workloads: homes can have
open-window-sensors installed around buildings and
communicate state changes. In offices, air quality can be
monitored and detect human presence recognised. Factories
could implement monitoring sensors for inventory tracking or
quality management auditing of certain processes.

In the last couple of years, several emerging photovoltaic
technologies showed promise for indoor applications,
including amorphous silicon, organic photovoltaics, colloidal
quantum dots, perovskite solar cells and dye-sensitised solar
cells all reaching indoor photovoltaic efficiencies around or
above 30%.'*** Notably, there are currently no standardised

© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Harvesting energy from ambient light and artificial intelligence revolutionise the Internet of Things. Based on smart and adaptive
operation, the energy consumption of sensor devices is reduced, and battery waste is avoided. Credit: Ella Marushchenko - Ella Maru Studio.

methods for assessing the efficiency of indoor light to power
conversion, though we do adhere to several standard measures,
such as reporting the light source, light source spectrum, light
intensity at the photovoltaic, as well as characterisation at
various light intensities categorised for indoor environments.**

The most-efficient ambient photovoltaic technology is the
dye-sensitised solar cell (DSC), as its photoresponse is precisely
tunable to most ambient settings by selecting from a broad
library of molecular dyes.****® In consequence, DSCs outperform
silicon-as well as GaAs-based photovoltaics in ambient
conditions.”**> Optimal utilisation of the available energy is
crucial for the development of light-powered devices. The IoT
devices need to account for all currently available energy as well
as the energy consumption of the computation workload to
schedule tasks.** Additionally, wireless network communica-
tion accounts for a large share of the energy consumed in sensor
networks.*® Herein, IoT devices greatly benefit from the
implementation of artificial intelligence, in particular, machine
learning (ML) algorithms: through artificial neural networks,
the sensors directly infer or categories information about their
surroundings, rather than communicating large amounts of
unprocessed information through wireless networks.***® Being
able to infer the current device state autonomously and predict
the available energy in the near future improves workload
scheduling and enables the device to adapt to changing
conditions. The sensor devices operate at greater energy effi-
ciency and productivity, as the AI makes complex decisions and

© 2023 The Author(s). Published by the Royal Society of Chemistry

automates manual tasks.?” ML allows opportunistic exploitation
of the available energy, as the most expensive power
consumption is distributed according to the energy abundance.
Herein, we report on ambient-light-powered IoT devices
dynamically adapting their energy usage using artificial neural
networks. An array of seven 3.2 cm” (total area 22.4 cm®) dye-
sensitised solar cells is used to power IoT sensors based on
the FireBeetle ESP32 microcontroller. The devices dynamically
recognise recurring patterns in illuminance by comparing real-
time data to pre-trained artificial neural networks. The sensors
dynamically decide on the execution of computational tasks to
operate the energy harvesting circuit at high efficiency. The dye-
sensitised solar cells convert ambient light at 38% power
conversion efficiency and 1.0 V open-circuit voltage at 1000 lux
(fluorescent tube). Transient photovoltage/-current and elec-
trochemical impedance tests high light the importance of the
electrolyte composition to suppress recombination across the
TiO,|dye|electrolyte interface. Light-powered intelligent elec-
tronic devices—employing real-time machine learning—appear
poised to make the next generation of IoT more sustainable.

Results and discussion
Machine learning and the Internet of Things

IoT devices are embedded sensor systems, many of them with
the ability to communicate via the internet. They have
applications in industry and automation,® traffic monitoring
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and smart cities,* and health care e.g., to support patients or
elderly people.” IoT systems are today often powered by
batteries that supply limited amounts of energy and require
frequent replacement. Utilizing ambient light as an energy
source is beneficial to reduce manual maintenance tasks and to
make IoT devices autonomous. Smart light-powered IoT sensors
dynamically adapt their workload using scenario inference from
machine learning.

We powered FireBeetle ESP32 microcontrollers with arrays of
3.2 em”® ambient photovoltaic cells (total area 22.4 cm?). The
circuit was equipped with two 1.5 F supercapacitors and a diode
to avoid discharging the energy buffer during dark intervals. At
the maximum power point, the cell array supplied 1.87 mW. The
computational performance of the microcontroller under full
load was quantified with an adapted version of the Dhrystone
benchmark.** An execution of 750 000 Dhrystone iterations in
2.31 s runtime at 240 MHz consumed 0.14 J of energy, resulting
in a 0.31 V potential loss on the supercapacitors, and gave
183.9 VAX MIPS (million instructions per second). The
VAX 11/780 is used as the reference computer in Dhrystone
benchmarks. The required energy for a single Dhrystone
iteration, 0.19 pJ, is harvested in 100 ps by a 22.4 cm? cell array
at the maximum power point.
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Powered by ambient light, the microcontroller collected
environmental data with an onboard lux meter as well as
monitored a cell's photocurrent in regular intervals, between
which the microcontroller entered deep sleep. The measure-
ments were initially stored in flash memory and bundled for
transmission via a WPA-encrypted wireless local area network. A
perpetually powered wireless receiver continuously deserialised
and logged incoming data packages.

The light-powered sensors were deployed in three example
use cases:

(1) A factory, where the illumination was constantly 1000 lux

(2) An office, where the illumination switched between

1000 lux and darkness; and

(3) Ahome, where the illumination was influenced by natural

light on top of artificial lighting.

In the factory and home deployment, the settings were
strictly controlled to assess our model, while the home scenario
was designed with a degree of unforseeability: this was
purposely implemented to test the robustness of our model and
the neural network algorithm. The received data from the
different deployment locations are compared in Fig. 2. The
operating voltage of the sensor deployed in the factory was
stable, and the only dips occurred when sending WiFi packages
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Fig.2 Data time series of light-powered loT sensor devices deployed into different settings over the course of twelve days. Variable recurring or
intermittent patterns in illumination (top) govern the operating voltage of the microcontroller (middle). The device dynamically infers its
deployment scenario based on real-time acquired illumination data (bottom).
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in regular intervals (green). In contrast, the office sensor expe-
rienced voltage drains up to 0.6 V during dark periods (blue).
The largest operating voltage fluctuations are observed in the
home scenario, owed to varying illumination levels between
different days (black).

The data from the IoT devices were collected, and an artifi-
cial neural network was trained to infer the deployment
scenario. The network was based on long short-term memory
(LSTM) units, which is a neural network architecture suitable
for learning time-series data. The network was trained to infer
the deployment scenario by analyzing illumination data
collected within the previous twelve-hour timeframe. Weights
and biases were extracted from the pre-trained model and
passed to a custom implementation of the machine learning
model to run on the FireBeetle ESP32 microcontroller hardware.
Based on the pre-trained artificial neural network, the IoT
devices categorised their deployment dynamically, based on
periodically acquired illumination data from the previous
twelve hours (Fig. 2, bottom plot). The sensor in the factory
correctly recognised its deployment scenario at all data points
(prediction accuracy 100%), followed by the office sensor
(99.8%). The home sensor had the lowest categorisation accu-
racy (93.5%); especially days of comparably lower illumination
(e.g. day six) appeared to lead to deviating categorisation.

Dynamic workload adaptation

The energy-harvesting circuit of ambient-light-powered elec-
tronic devices should be kept within a certain voltage region to
operate at optimal efficiency (in the demonstrated case around
4 V). This originates from a compromise of the operating
voltage of the microcontroller (3.3 V-5.0 V), the maximum
voltage of the supercapacitor (5.0 V), and maximum potential
obtained from the photovoltaic cell array (depending on the

View Article Online
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illumination ca. 4.5 V-6.5 V): the lower the capacitor voltage, the
more energy can be charged from the photovoltaic cells, addi-
tionally, the microcontroller operates more energy-efficiently at
lower voltages. At the same time, sufficient energy should be
kept as a buffer for dark periods. Real-time energy availability
forecasting using artificial neural networks enables to adjust
the operating voltage of the microcontroller through dynamic
scheduling of computational tasks. Through direct inference of
information about their surroundings, the sensors are able to
forecast whether or not, and for what duration, dark intervals
will occur in their respective deployment. In turn, the compu-
tational load is dynamically increased or decreased to maintain
device operation at high energy efficiency.

In consequence, we demonstrate dynamic workload
management of the IoT sensors. Based on the LSTM-inferred
deployment categorisation, a custom workload is executed in
each deployment scenario. This was implemented through
repeated multiplication of large arbitrary matrices or by
adapting the intervals between Dhrystone benchmark runs.
Fig. 3 shows a microcontroller immediately after deployment
into the factory setting. The location is recognised after twelve
hours of real-time data collection and analysis. Consequently,
the workload is adjusted in real-time such that the operating
voltage of the device approaches the target voltage just above
4V, as no dark intervals are imminent in the identified setting.

By executing the Dhrystone benchmark depending on the
energy availability in each deployment scenario, the effective
VAX MIPS were calculated by factoring in the idle periods of the
CPU (Table 1). Without any further workload, 0.560 effective
VAX MIPS of computation were reached with the FireBeetle
ESP32 microcontroller. We note here that this marks a signifi-
cant improvement over our previous prototype based on an
ATmega328P microcontroller, which operated at 0.413 effective
VAX MIPS.** 0.537 effective VAX MIPS were available in the
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Fig.3 Dynamic workload adaptation on light-powered loT sensor nodes. Based on the recognition of the deployment scenario and a forecast of
the available energy, the microcontroller adopts tailored operation protocols in real-time. Such dynamic on-loading ensures the operation of the
microcontroller and the energy-harvesting circuit at the optimal potential and saves energy owing to reduced communication through wireless

networks.
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Table 1 Computational power available on an ESP32 FireBeetle
powered by 22.4 cm? indoor photovoltaic cells, by deployment
scenario. The computational power and run time were benchmarked
with a microcontroller-adapted Dhrystone code

0.14 J workload  Effective VAX Effective run

every Nth minute MIPS time (%)
Without classification 12.5 0.560 0.31
Factory 13.0 0.537 0.30
Office 24.5 0.287 0.16

factory setting of constant 1000 lux illumination, and 0.287
effective VAX MIPS in the office. Our pilot implementation
paves the way for a variety of dynamic operational schemes for
light-powered IoT devices.

Ambient photovoltaics

The conversion of light in dye-sensitised solar cells (DSCs) is
based on molecular sensitisers attached to a mesoporous
semiconductor.”® We employ co-sensitised DSCs based on the
organic dyes XY1 and L1 with a Cu(tmby), electrolyte.>** At low
light intensities, the suppression of recombination is of vital
importance, given the carrier density in the
semiconductor.**™** Especially the concentration of the oxidised
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Cu"(tmby), species is critical to transport charges to the counter
electrode and complete the redox cycle in the electrolyte;
however it simultaneously dictates the recombination kinetics
in the device.**** An overview of the electrolyte compositions
employed hereinafter is provided in Table S2.f Under full
sunlight illumination, a large Cu™ concentration of 0.1 M is
desirable for optimal charge transport (Fig. 4a, red line); series
resistance becomes visible in particular in the flatter slope
(=1/R) of open-circuit voltage intersect for the devices with less
concentration of the oxidised species (yellow and black line). In
contrast, under ambient conditions, the photocurrent density is
within the diffusion limit in the redox electrolyte, and in turn
near-independent of the Cu" concentration (Fig. 4b). On the
other hand, larger Cu" concentrations cause increased elec-
tronic recombination and lead to deficiencies in open-circuit
voltage. Around 100 mV of open-circuit voltage are lost in the
device with the largest Cu" concentration. At moderate
concentrations of 0.06 M Cu", the cells exhibited a maximum of
37.5% power conversion efficiency and 1.00 V open-circuit
voltage (Table 2). Thus, the photovoltaic cells with lower
(0.06 M) Cu" concentration now performed better than the cells
optimised for full sunlight operation (0.1 M) Cu" concentration.
The mass-transport limitations of lower oxidised species
concentration do not impact the cell performance as signifi-
cantly at low illumination, whereas electronic recombination

150 =
X
£ b
(&
<
2
>100(
Z _\
CIC) .
° !
=4 \
é 50— ="~ Cu(tmby), NMBI 0.1 Cu" i
§ Cu(tmby), NMBI 0.06 Cu'"|!
- 1
o Cu(tmby), NMBI 0.02 Cu" | i
o 0 - - - - 1
0 0.2 0.4 0.6 0.8 1
Potential (V)
&
§150rd
<
32 —3.2 cm? 1000 lux
2100} | 732 cm? 500 lux
c —3.2 cm? 200 lux
(0]
©
c
S 50
5
[&]
o
15 ﬂ
£ 0 : : - - :
& o 02 04 06 08 1

Potential (V)

cells by electrolyte composition at one-sun AM 1.5G irradiation. (b) and

(c) 0.384 cm? cells by electrolyte composition at 1000 lux ambient illumination (fluorescent lamp). (d) 3.2 cm? cells by illumination level.
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Table 2 Performance metrics of XY1:L1-sensitised photovoltaic cells at 1000 lux illumination (fluorescent lamp) by electrolyte composition

Voc (V) Jse (A cm™?) FF PCE (%)
0.1 M Cu™ 0.916 147 0.808 36.0

0.915 + 0.006 Levelised 0.801 + 0.008 35.7 + 0.34
0.06 M Cu™™ 0.995 147 0.778 38.0

0.974 + 0.014 Levelised 0.790 + 0.002 36.9 + 0.47
0.02 M Cu'™ 1.00 145 0.726 35.1

1.00 =+ 0.02 145 + 1 0.730 + 0.004 34.8 + 0.60
1000 lux® (303.6 pW ecm™2) 0.984 141 0.811 37.1
500 lux” (151.8 pW cm?) 0.950 69.7 0.800 34.8
200 lux” (60.7 W cm™2) 0.919 27.6 0.812 33.7

% 0.384 cm? cell. ? 3.2 em? cell.

across the TiO,|dye|electrolyte interface affects a larger share of
the fewer injected electrons at low light intensity. This behavior
will further be illustrated below through photovoltage transient
measurements. Cells with a Cu™ concentration as low as 0.02 M
showed charge collection losses around the maximum power
point (35.1%, Fig. 4b, yellow). The full parameters from cell
characterisation at 1 sun, 0.5 sun and 0.14 sun as well as
1000 lux ambient light are attached in Tables S3 to S6 and
Fig. S4 to S7.7

The J-V sweeps of the presented DSCs did not exhibit
hysteresis at full 1 sun illumination (Fig. S8a and Table S77). In
contrast, under ambient conditions, forward and reverse scan
differ even for the champion devices, however especially at low
Cu" concentration (Fig. $8b and c, Tables S8 to S97).

The addition of a Lewis base is important to upshift the TiO,
conduction band and elevate the built-in voltage of the DSC,*
however, may alter recombination kinetics as well as charge
transfers and transport.”””* In accordance with previous
reports,®”** we found that N-methyl benzimidazole (NMBI) in
the redox electrolyte allows larger photovoltages (1.00 V, 37.5%)
than 4-tert-butylpyridine (¢BP, 0.95 V, 36.0%, Fig. 4c) under
ambient conditions, however seemed to impede charge trans-
port under simulated sunlight (9.5% with NMBI, vs. 10.4% with
{BP, Fig. S4+).

DSCs employing the [Cu(dmby),]*""* with an even more
positive redox potential (&, 0.97 vs. SHE)* than [Cu(tmby),]**"*
(&0 0.87 vs. SHE) should formally increase the cell perfor-
mance further, however did not exhibit a greater power
conversion efficiency (34.1%, Fig. 4c). Strikingly, photoinduced
absorption spectroscopy showed that the [Cu(dmby),]*""* elec-
trolyte regenerates even the XY1 dye (formal &, 0.98 V vs. SHE,
Fig. S117) efficiently, despite nominally near-zero driving force.
In turn, the deficiencies in photocurrent, especially at high light
intensities, counterintuitively have to be attributed to transport
losses, despite the formally smaller ion sizes of the
[Cu(dmby),]**"* couple.

The performance at different levels of ambient illumination
was tested with larger solar cells of 3.2 cm” area (Fig. 4d, S1a
and Table S11t). The photocurrent scaled linearly with the
light intensity and the larger cell converted light at 37.1%
(113 uW ecm™?), 34.8% (53 uW ¢cm %) and 33.7% (21 uW cm™?)

© 2023 The Author(s). Published by the Royal Society of Chemistry

power conversion efficiency at 1000 lux, 500 lux and 200 lux,
respectively. The short-circuit current density was cross-
referenced with a quantum efficiency measurement (Fig. S27)
and found in excellent agreement. The 3.2 cm? cell showed the
same power conversion efficiency as the smaller devices (37.1%,
reverse scan), however more significant fill factor losses are
observed in the forward scan (30.8%, Fig. S8d and Table S107).
Maximum power point tracking shows the power output
expected from the DSC under bias (30.3%, Fig. S9at); the power
output at load conditions was 92 pW cm ™2, or 294 pW.

A serial array of seven 3.2 cm? cells (Fig. S1bf) attained an
open-circuit voltage of 6.39 V. The power conversion efficiency
at 1000 lux was 32.5%/29.1% from J-V sweeps and at 27.5%
(1.87 mW) at 1000 lux during maximum power point
tracking (Fig. S9b, ¢ and Table S127). At 1000 lux illumination
under load, the cells converted 2.41 x 10'® of the available

8.77 x 10*® photons s * em ™2, equalling 85.0 of 303.6 uW cm 2.

Interfacial recombination

The coordination of Lewis bases governs the thermodynamics
and kinetics of electron transfers of the metal complex redox
mediators, in line with Marcus' description.”®** This may alter
recombination pathways in the device, commonly indicated by
the solar cell's ideality factor.*>*> When measuring the open-
circuit voltage versus light intensity, all DSC devices, despite
the differences in the electrolyte composition, exhibited
a similar slope, corresponding to similar ideality factors of
around 1.25-1.33 (Fig. 5a).

The electron transport and recombination kinetics in the
DSC devices were investigated with transient photovoltage
measurements versus charge carrier density (Fig. 5b). For all
investigated solar cells, faster electron recombination at larger
carrier densities was visible through faster open-circuit voltage
decay traces (see Fig. S10t). In accordance with the results from
the J-V sweeps, the DSCs comprising the Cu(tmby), redox
couple and NMBI as Lewis base exhibited the longest electron
recombination lifetime. The devices further showed the highest
carrier densities in the TiO, photoanode. The rate constant of
electron recombination was significantly larger in the redox
electrolytes containing the NMBI base compared to those with
tBP; however, intriguingly, it appeared to be nearly independent

Chem. Sci., 2023, 14, 5350-5360 | 5355
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spectroscopy.

of the copper coordination complexes themselves. The slope of
log(recombination lifetime) vs. log(carrier density) was compa-
rable across all redox electrolytes, confirming that the pathway
of (the likely trap-assisted) recombination remained unaltered.
The electron transport (Fig. 5¢) time was significantly shorter
than the recombination lifetime extrapolated to similar charge
carrier densities, indicating good charge extraction.

Electron transport and recombination were further investi-
gated with electrochemical impedance spectroscopy. The
champion Cu(tmby),/NMBI cells showed the largest recombi-
nation resistance and densities of states, indicating the best
protection of electrons in the semiconductor. The transport
resistance was around two orders of magnitude lower and
confirms efficient charge collection.

Materials and methods
Fabrication of photovoltaic cells

On cleaned (RBS solution, water, ethanol, UV-ozone) Nippon
sheet glass (Pilkington, St. Helens, UK, 10 Q sheet resistance),
a dense TiO, layer was deposited via spray pyrolysis at 450 °C
from a 0.2 M titanium bis(isopropoxide)bis(acetylacetonate)

5356 | Chem. Sci, 2023, 14, 5350-5360

solution in isopropanol (prepared initially in inert atmosphere
from a 75 wt% isopropanol solution, Sigma). Subsequently,
0.384 cm” (7 mm diameter circles) or 3.2 cm> (0.8 cm x 4 cm
rectangles) TiO, photoanodes were screen-printed (screen
meshes by Seritec Services SA, Corseaux, Switzerland) from DSL
30 NRD-T (Dyesol/GreatCellSolar, Queanbeyan, Australia)
colloidal (30 nm) TiO, paste (4 pm). After brief drying at 120 °C,
a scattering layer (Dyesol/GreatCellSolar WER2-0, 400 nm) was
screen-printed onto of the mesoporous film (4 pm), followed by
gradual heating towards a 30 minutes sintering step at 500 °C.
The substrates were post-treated with a 13 mM aqueous TiCl,
solution (99.99%) for 30 min at 70 °C and then sintered again at
450 °C for 30 min. After cooling, the titania films were
immersed into the sensitizer solution consisting of one part
0.5 mM L1 dye in acetonitrile 1:1 tert-butanol, and two parts
0.1 mM XY1, 5 mM chenodeoxycholic acid (Sigma) in chloro-
form 3:7 ethanol for 16 hours (both dyes from Dyenamo,
Stockholm, Sweden). PEDOT counter electrodes were manu-
factured via electro-polymerization of 3,4-ethyl-
enedioxythiophene (Sigma) from a 0.01 mM aqueous solution
with 0.1 M sodium dodecyl sulphate.®® The redox electrolyte
solutions for the ambient-DSCs were prepared with 0.2 M

© 2023 The Author(s). Published by the Royal Society of Chemistry
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Cu(tmby),TFSI and 0.06 M Cu(tmby),TFSI, (tmby: 4,4,6,6-tet-
ramethyl-2,2"-bipyridine; TFSI: bis(trifluoromethanesulfonyl)
imide; both coordination complexes purchased from Dyenamo,
Sweden), 0.1 M lithium bis(trifluoromethanesulfonyl)imide
(99.95%, Sigma) and 0.6 M N-methyl benzimidazole (99%) in
acetonitrile (anhydrous); or as noted throughout the paper. For
photovoltaic cells powering IoT devices, 3-methoxypropionitrile
served as electrolyte solvent. All cells were assembled using
ThreeBond (Diisseldorf, Germany) 3035B UV glue and cured
with a CS2010 UV-source (Thorlabs, Newton, NJ, USA). The
electrolyte was injected through a hole in the counter electrode,
which was then sealed with additional UV glue.

Characterization of photovoltaic cells

Current-voltage measurements under AM 1.5G illumination
were carried out in ambient air using a HelioSim-CL60 solar
simulator (Voss electronic GmbH). The irradiance was cali-
brated with a certified silicon diode (Fraunhofer). An X200
source meter (Ossila, Sheffield, UK) was used to assess the solar
cell performance (scan speed 25 mV s~ ', 5 mV step size). A
circular mask was employed to confine the active solar cell area
to 0.196 cm?® Shown device performance metrics represent
averages of eight to twelve cells at all times, pending reasonable
error margins of the manual cell fabrication. Ambient light
characterization was carried out with a Warm White 930 18 W
florescent tube (OSRAM, Munich, Germany) inside an otherwise
light-proof box. The lamp spectrum is characterized in Fig. S2.1
A detailed description of the assessment of ambient or indoor
light sources, their calibration, and the conversion of emission
spectra, illuminance and power density is provided in our
recent perspective article.” The stabilised light intensity was
calibrated with a commercial lux-meter (RS components).
Values of illumination intensity were cross-checked with lux
meters from different manufacturers. The entire active photo-
voltaic area of the devices was used during ambient character-
ization to mimic diffuse light conditions. Maximum-power-
point tracking was executed with the same source meter with
a perturb-and-observe technique.

Incident-photon-to-current conversion efficiency

IPCE spectra were recorded with an ASB-XE-175 xenon light
source (10 mW cm™?) (Spectral Products, Putnam, CT, USA) and
a CM110 monochromator (Spectral Products, Putnam, CT,
USA). The photocurrent was measured with a U6 digital acqui-
sition board (LabJack, Lakewood, CO, USA). The setup was
calibrated with a certified silicon reference cell (Fraunhofer ISE,
Munich, Germany). Photocurrents were integrated based on the
spectral distribution of sunlight AM 1.5G,* or the spectrum of
the OSRAM light tube.

Transient photovoltage and charge collection measurements

Electron recombination lifetimes were investigated using the
dye-sensitised solar cell Toolbox (Dyenamo, Sweden). The solar
cell was illuminated with a 1 W white LED. Kinetics in the solar
cell were probed by applying slow 10 Hz square-wave modula-
tions on top of a base light intensity (Fig. S10at). The solar cell
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voltage response was tracked in real time; the measurement was
repeated until a noise threshold was met; at which point the
traces were fitted with first-order kinetic models and a single
decay time constant from the compiled traces was extracted.
The measurements were run across a range of light intensities.

The accumulated charge in the photoanodes of the DSC
devices was measured by illuminating the cells at different
light intensities at open circuit; then, the light was turned
off, the potential simultaneously switched to short circuit
and the current integrated over time. The collected charge
was converted to charge density assuming a 6 mm diameter
of the circular aperture, 4 pm anode thickness and 0.63
porosity.

Electrochemical impedance spectroscopy

Electrochemical impedance spectra were recorded using
a PGSTAT12 potentiostat (Autolab) in the frequency range from
100 kHz to 0.1 Hz at different DC bias potentials around the
maximum power point, modulating the voltage by 10 mV. The
DSC devices were illuminated with a white LED for impedance
analysis and fitted to Bisquert's transmission-recombination
line* with an adapted version of the impedance fitting tool
available on MATLAB file exchange.*® The real capacitance C
was converted from the constant phase elements Q through
a projection of the phase angle C = (RQ)"?/R, where R is the
resistance in parallel to the capacitor and § the exponent of the
constant phase element. The total capacitance concerning
electronic recombination was calculated as Ciot = Cej + Crec.””
The density of electronic states D(V) (in ecm™® V') was then
obtained as D(V) = C(V)/(ed(1 — p)) with the elementary charge e,
film thickness d and porosity p, following the description by
Durrant and co-workers.*®

Photoinduced absorption spectroscopy

PIA spectra were recorded using a ASB-W-030 white light
(spectral products) as probe source. The sample was excited
with blue laser light (405 nm, 3 mW, Thorlabs), which was
chopped into 20 Hz square-modulation with a Signal Recovery
650 Chopper. Behind the sample, the light was monochromated
with a Digikrom CM110 and detected on a circular photodiode
(Thorlabs). The signal was amplified and split into AC- and DC-
components with a 5182 pre-amplifier and recorded with a 7225
lock-in amplifier (both Signal Recovery).

Light-powered devices

The energy harvesting sensor system was based on the Fire-
Beetle ESP32 microcontroller. The microcontroller was powered
by seven serial 3.2 cm? photovoltaic cells (total area 22.4 cm?).
Two 5.0 V 1.5 F supercapacitors were used as an energy buffer to
operate the microcontroller within its operational voltage
range. No voltage regulator was used to limit energy losses
introduced by additional buck-converters. A schematic of the
sensor system is depcited in Fig. S12.T We used PlatformIO with
the Espressif 32 platform package and the Arduino framework
as our development environment. The microcontroller was
configured to run at its maximum clock speed of 240 MHz.
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Benchmarks with the offered modes at 160 MHz and 80 MHz
showed that the reduced energy consumption due to reduced
clock speed and the longer execution time for a defined work-
load ultimately lead to the same net consumption.

The microcontroller regularly collected environmental data,
e.g. with a lux meter (BH1750) as well as monitoring a cell's
photocurrent and the capacitor voltage in intervals of five
minutes, between which the microcontroller entered deep
sleep. The measurements were initially stored in flash memory;
every three hours the WiFi module was switched on and the
collected data were transmitted via a WPA-encrypted wireless
local area network (WLAN). The wireless receiver side was based
on a Jetson Nano and running continuously, deserialising and
logging the incoming data packages into a database for visual-
ization and data analysis using python scripts. The tested
deployment scenarios were as follows; (a) the factory, where the
illumination was constant at 1000 lux (b) the office, where the
illumination was switched off for 90 minutes every twelve hours
and (c) the home, where the sensor experienced day-to-day
varying illumination levels on top of a constant base light
intensity of ca. 750 lux. To clarify, scenario (a) and (b) were
carried out in a controlled setup, illustrated in Fig. S1b,T with
altering patterns of illuminance, while the device in scenario (c)
was positioned near a window of the laboratory and exposed to
natural lighting. The key parameters of the employed scenarios
are listed in Table S1.}

Dhrystone computational benchmark

The Dhrystone benchmark was based on version 2.1 of the
original Dhrystone code, with modifications to allow execution
on the FireBeetle ESP32 platform. The benchmark was executed
in bundles of 750 000 runs to ensure a runtime longer than 2 s.
The effective MIPS (million instructions per second) were
calculated based on the time the microcontroller was going to
sleep. While the workload was always executed at the configured
speed of 240 MHz, longer sleep times lead to lower average
performance values.

Dynamic energy adaptation with machine learning

The sensor system was deployed in three test scenarios as
described in the article. The system collected environmental
data for 10-12 days each. Based on the illumination data, an
artificial neural network was trained to infer the scenario. The
artificial neural network consist of 32 LSTM units followed by
a dense neural network layer with three units using a softmax
activation function to classify the three test scenarios. The
network infers the scenario based on 24 equidistant measured
data points from the past twelve hours. The data processing and
model training was implemented in python using TensorFlow.
We used the categorical crossentropy loss function, a batch size
of 64 and trained the model for 100 epochs. The trained
model was saved to extract weights and biases. A custom
C-implementation of the network together with the pre-trained
network weights was deployed to the FireBeetle micro-
controllers. Ultimately, a computational workload was sched-
uled based on repetitions of the multiplication of large arbitrary
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matrices, or by
benchmark runs.

adapting the intervals between Dhrystone

Conclusion

Artificial intelligence and the Internet of Things offer to
improve the resource and energy efficiency of many facets of
life—provided the sensor devices themselves are powered and
operated sustainably. A 22.4 cm® array of photovoltaic cells is
used to power intelligent IoT sensor prototypes based on the
ESP32 FireBeetle. The microcontrollers predict energy avail-
ability in different deployment scenarios based on artificial
neural networks. To operate the energy harvesting circuit at
optimal efficiency, the computational load on the micro-
controllers is dynamically increased or decreased. We have
demonstrated efficient ambient dye-sensitised photovoltaic
cells at 37.5%, 34.8% and 33.7% power conversion efficiency at
1000 lux, 500 lux and 200 lux, respectively. Recombination
across the TiO,|dye|electrolyte interface is minimised through
judicious tuning of the redox electrolyte.

Our demonstration of dynamic energy management on light-
powered wireless sensors paves the way for a multitude of
device implementations. The sensors devices could, pending
sufficient energy availability, pre-process sensed data and infer
conclusions; therein, the energy required for network commu-
nication can be reduced. The synergy of artificial intelligence
and ambient light as power source appear is poised to enable
the next generation of IoT devices.

Data availability

The reported accuracies of the machine learning algorithms can
be reproduced using the source code available from GitHub.*
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