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Abstract
UPDATED—February 11, 2020. The Internet of Things
is set to define technology for the next decades, but current designs are strongly limited by their choice of energy
supply. Grid-connected devices have to be placed close to
available power-outlets, and battery-operated devices have
to be designed to save energy and require regular maintenance. Efficient indoor light harvesters provide energy
quantities which generally cannot be achieved using other
types of energy harvesters. Simultaneously, a new design
and energy paradigm to IoT devices is introduced, to maximize their ability to sense, communicate, and predict. The
collection of ambient light offers vast universally available
energy, which can be used to design near-perpetual smart
IoT devices that can directly convert diffuse light energy
to computational inferences based on artificial neural networks and other machine learning techniques. We discuss
state of the art Indoor photovoltaic (IPV) light harvesters,
and their impact on the design of modern IoT devices and
sensor networks.
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ered from harvested ambient light, executing the essential
workloads of an IoT device: process, sense, and communicate [4].

Introduction
Intelligent wireless devices are rapidly evolving into indispensable assistants in numerous facets of our near future
world. Merged with machine learning, wireless sensor networks are poised to advance the interchange of information
in smart homes, offices, cities or factories. By 2025, an estimated 30 billion IoT devices are expected to be installed,
the vast majority of which are to be placed indoors or in
diffuse light conditions. IoT devices and wireless sensor
nodes (WSN) will need to harvest energy from the environment for long-term deployment and operation. Indoor
photovoltaic (IPV) cells have the potential to provide the
required energy. The power needed to operate these devices continues to decrease, while conversion efficiencies
and hence the power output of indoor photovoltaic cells is
rapidly increasing. When located indoors with no access
to solar irradiance, IPV cells harvest the energy emitted by
artificial light sources, with the illumination intensity typically several orders of magnitude less than sunlight. Dyesensitized IPV cells have shown considerable efficiency
progress of late, with values over 30% measured under
200–1,000 lux light intensity.
The implementation of light-driven autonomous devices
leads to a paradigm shift of energy usage, where high entropy diffuse light is transformed into structured information in an autonomous IoT device. Unlike wired or batterysupported systems, all surrounding energy can be harvested and used to the maximum of its availability. A microcontroller with a small energy buffer can be directly pow-

Figure 1: Schematic representation of a self-powered IoT device
in indoor light condition, capable of advanced machine learning.

Intermittent and adaptive sleep ensures an equilibrium between harvested and consumed energy, even under ambient light conditions, optimizing its workload execution. As
a consequence, the question if the implementation of IoT
devices will yield direct energy savings becomes a question
of how much energy savings it will yield [5].

Efficient ambient light harvesting
In outdoor photovoltaics, a significant portion of the sun’s
spectrum is found in the red region of the visible light and at
near-infrared wavelengths, which suits the strong spectral
response of crystalline silicon or GaAs-based solar cells in
this wavelength domain. On the contrary, the largest part of
indoor illumination spectra, most commonly originating from
CFL or LED lamps, is found in the visible range between
400 and 650 nm. In this spectral region, diffuse ambient
light provides universally available energy, which otherwise remains unused. Fast charge separation in a variety
of co-sensitized colored organic dyes and tuneable energy
levels in Cu(II/I) electrolyte systems combined with negligible recombinative processes allow DSCs to maintain a

high photovoltage, especially under ambient light. Combination of organic dyes enables light absorption over a broad
spectral range and therefore the adaption to the majority
of light sources that emit in the visible region [12], [3]. Currently stated power densities of less than 10 µW/cm2 for
indoor light harvesting devices [17] are being exceeded by
state of the art dye-sensitized solar cells (DSCs) to power
densities of 15-100 µW/cm2 at 200 and 1000 lux [2]. This
pushes DSCs beyond GaAs solar cells for use in diffuse
light conditions, while being cheaper to produce and more
environmentally friendly [9]. The conversion of ambient light
offers broadly available energy and paves the way to extensive implementation of self-powered devices.

Figure 2: Outline of the different light spectra under which
photovoltaic device efficiency is evaluated including the standard
solar spectrum (AM1.5G) and typical spectra from White LED,
CFL, and Halogen sources. ©2019 Elsevier Inc [8].

Low power IoT
At its core, IoT comprises of a variety of platforms, with
the Raspberry Pi being one of the more prominent sys-

tems. Self-powered architectures based on these platforms
still require relatively large amounts of energy and have
to be powered by solar cells under stronger illumination
and equipped with an energy buffer for continuous operation [1]. However, using indoor light harvesters at 1000
lux illumination, a 64 cm2 photovoltaic area suffices to harvest 152J of energy required for training and verification
of 60 000 MNIST images with 10 000 verification images,
resulting in >90% prediction accuracy [10]. Using indoor
light harvesters, energy-efficient microcontrollers consuming ∼10-100µA/MHz in operating mode [11] and <30nA
in sleep mode [6] are the currently preferred platform for
self-powered IoT devices. Using an approximate value of
about 100 µW/MHz (at operating voltages of 3-5V), and
100µW/cm2 photovoltaic yield at 1000 lux, an average of
1 MHz/cm2 can be harvested from indoor light using DSC
IPV cells.
Current designs of wireless sensor nodes, capable of sensing multiple environemntal variables and communicating
them to a base station, are designed based on an energysaving paradigm [14]. This design shifts to an energymaximizing paradigm upon the use of IPV light harvesters.
Table 1 shows theoretical harvesting times to attain energy
quantities similar to those stored in battery types commonly
used in IoT devices. Compared to battery-powered devices
designed to run for month or years, energy-maximizing harvesting devices can use the additional energy for decreased
sensing and communication intervals, or increased data
processing, such as inferences through machine learning.

Efficient machine learning
Machine learning (ML), as a subfield of Artificial Intelligence, was established in 1959, and has since then evolved
into numerous branches, including artificial neural networks
and deep learning [15]. Recent development has shown
that microcontrollers are capable of executing Bayesian ma-

Battery

mAH

Joule

Days to harvest

AA
AAA
CR2032

2400
1000
200

12960
5400
2160

15.8
6.6
1.3

Table 1: Days required to harvest power capacities provided by
typical batteries, using an 8x8cm2 photovoltaic area at 1000 lux
constant illumination.

chine learning [7] or pre-trained artificial neural networks,
and thus are able to classify and infer information directly
on the device, rather than having to rely on server-side
execution. In order to suffice to the low memory requirements of microcontrollers, floating-point numbers can be
converted to 1-byte fixed-point numbers, reducing the memory requirements by a factor four, with a loss in accuracy
found to be no larger than 0.1% with respect to the full precision network [19]. Most recent research even pushes the
memory limits towards sub-byte deep neural networks on
microcontrollers, promising computation performance and
energy efficiency improvements of 1.83x and 2.28x on average, respectively [18].

Architecture, Integration, and Interaction
Having an abundance of near-perpetual IoT devices in
place requires adjustments to existing designs for wireless
sensor networks [16], or even require the development of
completely new architectures, implementing the energymaximizing paradigm of energy harvesting. Integration of
hundreds or even thousands of maintenance-free wireless
nodes will result in topologies considering varying amounts
of available energy, but also optimize the trade-offs between
energy-intensive wireless communication and on-device decision making. Interaction paradigms will be defined by the
scope of the sensor networks. For human-device interaction, low-energy interfaces will be used (e.g., e-ink displays

for unidirectional information exchange). Machine to machine (M2M) interaction will strongly be influenced by its
energy-availability, resulting in highly adaptive architectures.

Conclusion
The global market for artificial intelligence is estimated to
exceed 3 trillion USD by 2024. This will partially be driven
by an abundance of ubiquitous sensing devices, providing coherent information for augmented intelligence systems. These systems will provide environmental information not only for human-to-machine communication, but
mainly for machine-to-machine communication required
for many robotics and autonomous systems currently being developed [13]. This requires a large amount of nearperpetual and maintenance-free IoT devices whose energyrequirements can be met by harvesting diffuse light. Driving
forces for the improvement of these systems will be
• stability and efficiency improvements in commercially
available IPV light harvesters,
• improvements in energy-storage techniques, especially alternative energy storage methods,
• energy-efficient CPUs/MCUs, wireless communication devices and sensors,
• and the development of efficient computing techniques
enabling self-powered IoT devices and topologies with
higher levels of environmental- and self-awareness.
Ambient light harvesters provide a new generation of selfpowered and “smart” IoT devices powered through an energy source that is largely untapped. Indoor photovoltaics
combination of high efficiency and low cost with non-toxic
materials is of paramount importance to IoT sustainability.
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