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Abstract

Tiny Machine Learning (tinyML) enables the efficient deployment of machine
learning models on resource-constrained Internet of Things (IoT) devices. How-
ever, in scenarios where energy availability is variable and unpredictable, such as
with zero energy devices (ZEDs) reliant on energy harvesters, deployed tinyML
models are often compressed to accommodate worst-case energy constraints,
leading to diminished accuracy. To address this challenge, we propose a strat-
egy of deploying multiple tinyML models concurrently on ZEDs to maximize
model accuracy within the time-varying constraints of memory, execution time,
and energy. We introduce a mathematical optimization framework that dynam-
ically selects the most suitable tinyML model for execution based on current
and predicted energy availability. We validate our approach through experi-
mental evaluation, where we develop, train, and assess two machine learning
models in a Cloud environment before optimizing them into tinyML models of
differing sizes and accuracies. Our methodology is tested using a prototype for
photovoltaic-powered battery-less gesture detection and recognition, employing
a controlled setup with artificial lighting conditions. Results indicate that, under
constant harvesting current, the smaller tinyML model exhibits superior execu-
tion speed, with two more executions on average, while the larger model yields
approximately 28% higher accuracy. As expected, in a more realistic scenario
with dynamic harvesting currents and employing our optimization algorithm,
the device automatically prioritizes the larger tinyML model for inference when
plentiful energy can be harvested due to its improved accuracy, while switching
to the smaller model otherwise.
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1. Introduction

There is a recent trend for on-device processing of data in the Internet of
Things (IoT) ecosystem [1]. This trend is driven by advancements in processor
and sensor efficiency, allowing edge devices for monitoring the environment to
perform both data collection as well as low-power communication and computing
on microcontroller units (MCUs). This, in combination with smaller MCU size,
low price, and easy maintenance, creates the potential for extreme edge devices
in various fields, from healthcare [2] and smart home systems [3] to industrial
monitoring [4] and autonomous vehicles [5].

Still, most low-power IoT devices depend on batteries, which provide reli-
ability and a stable power supply. However, at the same time, these batteries
are temperature-sensitive and dangerous if not carefully protected. Also, they
are short-lived so over time, as the number of devices grows, their maintenance,
disposal, and replacement become expensive and ecologically unacceptable. The
idea of avoiding batteries and instead harvesting energy from renewable energy
sources (e.g., thermal, vibration, solar) can potentially alleviate these prob-
lems. Such tiny battery-less IoT devices, often referred to as zero energy devices
(ZEDs), use small capacitors instead of batteries that act as the main storage for
harvested environmental energy. These capacitors are less sensitive to extreme
temperatures, easier to maintain and recycle, and operate longer compared to
batteries. This makes them suitable for large-scale deployment and applications
in hard-to-reach locations as well as more environmentally friendly solutions [6]
[7].

ZEDs have already proven their benefits in different applications, making
use of various low-power communication technologies (e.g., NB-IoT, LoRaWAN,
Bluetooth Low Energy) to transmit collected sensor data to an Edge or Cloud
server for processing [6] [8]. At the same time, these devices are resource-
constrained with limited storage and computing capabilities, so performing on-
device data analysis and processing is highly challenging. As such, it is of ma-
jor interest to investigate whether different machine learning (ML) algorithms
(e.g., object detection, gesture recognition, and image classification) can run
on ZEDs. These ML algorithms are mostly based on neural networks, making
the systems capable of analyzing data and making decisions based on received
outputs. However, such neural networks often have large computational power
and memory requirements, which limits ZEDs to only collect and send data to
the Cloud, where demanding ML-based processes are executed [9].

To tackle these limitations, there is a new paradigm called Tiny Machine
Learning (tinyML), which allows the successful deployment of ML models on
extremely resource-constrained edge devices. The main goal of this concept is
to design, develop, and run small ML models on ultra-low-power IoT devices,
allowing them to do real-time data analysis and interpretation with minimal
energy consumption in the order of a few milliwatts (mW) [10]. By deploying
ML models on ZEDs, each of these devices becomes capable of making decisions
locally instead of sending the collected data to the Cloud, which unlocks the
possibility for direct implementation for a wide range of ML applications [11]
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[12]. In addition, other benefits of using tinyML approaches include improved
energy efficiency, reduced latency, lower network load, and lower costs, as well
as higher system reliability and data security.

Despite recent advances, there are still many challenges and gaps when it
comes to deploying tinyML models on ZEDs [6]. Most existing TinyML sci-
entific papers propose the use of a small TinyML neural network with reduced
accuracy. However, such a solution does not adapt to changing energy and hence
processing capabilities. To remedy this shortcoming, this work focuses on find-
ing a way to maximize the accuracy of executed tinyML models, respecting the
memory, energy, and time constraints. To this end, we build, train, and evaluate
multiple Convolutional Neural Networks (CNNs) in the Cloud, after which they
are converted into multiple smaller tinyML models that can be simultaneously
deployed and executed on constrained ZEDs. Our solution automatically selects
the model that offers higher accuracy while considering the current energy avail-
ability. This is the first paper that studies the energy-aware deployment and
management of multiple tinyML models on a single ZED, intending to maximize
the total or average accuracy by selecting the most optimal tinyML model for
execution, depending on the predicted variable energy availability over time.
This work extends and complements our previous work, in which we studied
energy-aware computation offloading in tinyML-enabled battery-less ZEDs [6].

The main contributions in this paper are:

(i) A mathematical optimization algorithm to select the optimal subset of
available tinyML models to be deployed on the ZED and select the most
optimal tinyML model for inferencing, respecting the accuracy, energy,
and time constraints. It ensures the deployment of multiple tinyML mod-
els of varying size (and therefore accuracy) on a single ZED, taking into
account overall device memory constraints. The proposed optimization al-
gorithm is built on the concept of energy-awareness and does not does not
assume any specific device and harvesting source, which makes it generic
and applicable to different use cases.

(ii) A system architecture to enable energy-aware deployment of an IoT ap-
plication and multiple tinyML models on a single ZED, with support for
task-offloading. Most existing research deals with one or the other solu-
tion, where the decision is made locally and only the final result is sent to
the Cloud, or the captured data is sent directly to the Cloud for remote
inference. The presented system architecture is generic and built on the
concept of energy-awareness, which makes it suitable for a wide range of
applications and energy harvesting sources.

(iii) The design of a hardware-software prototype of the proposed approach
that enables gesture recognition on ZEDs. It enables building, training,
and evaluating multiple heavy-weight Cloud-based ML models, after which
they are converted and deployed as tinyML models on the constrained
ZED.
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(iv) Realistic evaluation and validation of our solution based on the device
prototype, considering a controllable setup with an artificial light placed
at some distance above the solar panel.

The remainder of this paper is structured as follows. Section 2 reviews the
state-of-the-art on tinyML model deployment on ZEDs, including works with
gesture recognition use cases. In Section 3, the proposed system architecture,
along with the energy-aware tinyML optimization algorithm and ML/TinyML
workflow, is described. Section 4 presents the used prototype and describes
how from the base ML model trained in the Cloud, multiple ML models with
different sizes and accuracies are defined, trained, evaluated, and finally con-
verted into multiple tinyML models integrated on ZEDs. Section 5 presents
an accurate device and application profiling methodology to determine the cur-
rent consumption and execution time of different application tasks and device
states, with a focus on analyzing different tinyML models deployed on the ZED.
Section 6 shows the evaluation and validation results. Further discussion is
provided in Section 7. Finally, our conclusions are provided in Section 8.

2. Related Work

Recent advances in low-power and energy-aware operations on ZEDs place
them as serious competitors to their battery-powered counterparts in various
fields, from wireless sensor networks (WSN) to different IoT applications. It is
possible to execute different computer programs on these devices. Yet, they are
mainly dependent on powerful edge computers or Cloud data centers for more
complex processing. The integration of tinyML models and algorithms, together
with the wide connectivity of IoT devices, increases the domain of their possible
deployment and makes them capable of executing more intelligent tasks [13].

As a representative use case, we consider a battery-free IoT wearable device
activated through gesture control. Noble et al. [14] presented a capacitive
sensing and neural-network-based hand gesture recognition system with very
high accuracy of almost 97%. They used the sensor board only for collecting
and sending data to the host PC, where the gesture classification is done. Ma
et al. [15] designed a system, SolarGest, capable of recognizing hand gestures
near a solar-powered device by analyzing the patterns of photocurrent. Their
system architecture includes two main parts: (i) the solar-powered device used
for collecting data, and (ii) the gesture recognition ML framework running on an
edge device such as a smartphone or laptop, capable of detecting gestures and
sending the final decision back to the IoT device. CapBand is a battery-free
capacitance-sensing wristband for hand gesture recognition presented in [16].
Their sensing hardware is only used for localization and collecting data. An ML
model is built and trained offline by using sensor input data and later converted
into a form that can be run on a smartphone platform. In contrast, we focus
on deploying ML models on a ZED, which is not only responsible for collecting
data but also for making decisions locally.
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There are some works where gesture recognition models are deployed and
used for inferencing on small IoT devices. A capacitive-sensing wristband sur-
rounded by four single-end electrodes for onboard gesture recognition was pre-
sented in [17]. They collected multiple instances of each gesture from a single
user, which were later used for training and testing the ML model. The huge
ML model was converted into a form that could be stored on the Arduino Nano
sense platform using TensorFlow Lite. Reinschmidt et al. [18] proposed a new
device based on a combination of a novel electrostatic sensing circuit fused with
a six degree of freedom inertial measurement unit (IMU) to develop a wearable
bracelet capable of active gesture detection. Gestures are recognized in real-time
using the tinyML model deployed on an onboard low-power and energy-efficient
microcontroller with an accuracy of up to 87%. Viswanatha et al. [19] pre-
sented the implementation and deployment of tinyML models for gesture and
speech recognition on the Arduino Nano 33 BLE sense board. Both models were
trained based on the collected data and deployed on the Arduino device using
the Edge Impulse framework. A static hand gesture recognition system based
on an ultra-low resolution infrared array sensor responsible for sensing static
hand gestures and generating a set of temperature arrays about them and a
low-cost AI chip was designed and presented in [20]. The authors used a more
powerful development board, including a display for showing results, compared
to the Arduino Nano sense device that is considered in this paper. Their system
can achieve accurate (around 99.14%) and real-time recognition for a few simple
static hand gestures. All mentioned papers are focused on implementing tinyML
models on either USB or battery-powered devices. In contrast, we consider a
more resource-constrained ZED that uses a capacitor to store energy collected
from its environment.

There are already some works focused on the deployment of tinyML models
on small intermittently-powered embedded devices. Zhao et al. [21] designed
a battery-less device that can perform local inference on sensed data using a
lightweight Deep Neural Network (DNN) and send the result via backscatter to
a receiver while harvesting energy from underwater sound. The authors consid-
ered a mammal monitoring use case, investigating two critical aspects of battery-
less tinyML, the feasibility of hosting the DNN models on resource-constrained
battery-less devices, and their accuracy while making decisions. Jokic et al. [22]
presented a small battery-less computer vision platform containing an ultra-low
power image sensor and an ML system-on-chip capable of recognizing faces on
captured images. The self-sustainable operations are achieved by using solar
energy harvesting with a small onboard solar cell. Giordano et al. [23] pre-
sented a battery-free smart camera system containing a tinyML algorithm for
face identification, a power management module with an energy harvester, buck
converter, a capacitor, an energy harvesting circuit, and LoRa module for send-
ing the final result of local inference. Their proposed ML algorithm was trained
to identify five different persons on the image. The device performs an inference
cycle only if the capacitor is fully charged. Otherwise, it waits until the defined
voltage threshold, above which charging becomes more efficient, is reached, to
start operating. The same authors proposed a similar solution in [24]. They
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presented a battery-free smart camera that exploits power management and en-
ergy harvesting to achieve face recognition in an energy-neutral fashion. Their
battery-less sensor node performed a neural network inference at the edge using
a CNN accelerator. Once the local inference task is done, the final result is sent
to a gateway via LoRa. All four mentioned solutions considered the deployment
of only one tinyML model on the device at a time, making the system incapable
of adjusting to varying energy availability. In contrast, our solution supports
deploying multiple tinyML models on the same device, to trade off energy cost
and accuracy.

Gibbs et al. [25] combined multiple tinyML models for multimodal context-
aware stress recognition on constrained microcontrollers. The authors designed
an approach that enables the deployment of two DNNs onto a single resource-
constrained device, providing real-time contextual activity recognition data to
improve the accuracy of stress inference. However, the mentioned work is fo-
cused on deploying multiple tinyML models on continuously powered devices
without considering the possibility of intermittent energy supply scenarios. Also,
each of the considered tinyML models performs specific tasks that should im-
prove the overall system performance by providing real-time recognition infor-
mation for more reliable final results. In contrast, our solution considers ZEDs
that completely depend on the availability of environmental energy sources,
making them more unreliable and unpredictable. Also, we consider multiple
tinyML models that focus on the same goal but with different capabilities and
resource requirements, optimally selecting them for execution based on different
constraints. Our goal is to show that these models do not depend on each other
to improve system performance, but are there to enable optimal local inference
under different conditions. Puslecki et al. [26] presented a modification of the
One-Versus-All (OVA) ML concept in a multi-class task of computer vision in
tinyML systems. It enables control over classification accuracy, influencing la-
tency and improving the energy efficiency of classification algorithms run on
resource-constrained devices. However, the authors did not consider multiple
models, but a single model that can be dynamically adapted to change the
accuracy-energy consumption. They focused on a single type of classifier, while
our work can be applied to any type of tinyML model for different types of tasks
(e.g., both classification and regression).

In our previous work [6], we have presented the energy-aware deployment and
management of tinyML algorithms and application tasks on battery-less ZEDs.
In this work, we studied the trade-offs between different inference strategies,
analyzing under which circumstances it is better to make the decision locally or
send data to the Cloud where the heavy-weight ML model is deployed, respecting
energy, accuracy, and time constraints. In the present work, we further extend
this by supporting multiple alternative tinyML models deployed on the device,
to provide more degrees of freedom in selecting a suitable inference model based
on the available energy. Finally, a brief overview of all the mentioned approaches
is given in Table 1.
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Table 1: Comparison of state-of-the-art approaches for ML/TinyML deployment on resource-
constrained systems

Prior
Work

Battery-
Less

ML
Support

TinyML
Support

TinyML
Selection

Task-offloading
Support

Noble et al. [14] ✓ ✓ ✗ ✗ ✗
Ma et al. [15] ✓ ✓ ✗ ✗ ✗

Truong et al. [16] ✓ ✓ ✗ ✗ ✗
Bian et al. [17] ✗ ✓ ✓ ✗ ✗

Reinschmidt et al. [18] ✗ ✓ ✓ ✗ ✗
Viswanatha et al. [19] ✗ ✓ ✓ ✗ ✗

Dai et al. [20] ✗ ✓ ✓ ✗ ✗
Zhao et al. [21] ✓ ✓ ✓ ✗ ✗
Jokic et al. [22] ✓ ✓ ✓ ✗ ✗

Giordano et al. [23] ✓ ✓ ✓ ✗ ✗
Giordano et al. [24] ✓ ✓ ✓ ✗ ✗
Gibbs et al. [25] ✗ ✓ ✓ ✓ ✗
Sabovic et al. [6] ✓ ✓ ✓ ✗ ✓
Proposed solution ✓ ✓ ✓ ✓ ✓

3. System Architecture

In this section, a brief overview of the proposed system architecture is pro-
vided. We start by introducing notations and input parameters used in the
proposed approach. After that, we provide a description of our system architec-
ture used to deploy energy-aware IoT applications and multiple tinyML models
on ZEDs. It consists of two main parts: (i) the ZED and (ii) the Cloud, which
can be connected via different wireless communication technologies such as Lo-
RaWAN, NB-IoT, or future 6G Ambient IoT technologies specifically optimized
for ZEDs. To select the optimal tinyML model for execution, we designed an
optimization algorithm, which is described further in this section. Finally, we
describe the different stages of the tinyML pipeline, including an explanation of
the applied techniques used in each stage.

3.1. Preliminaries

Table 2 lists the set of input parameters used in our system architecture and
tinyML optimization algorithm with their definition and set constraints that
each of the inputs must satisfy. A list of equal time slots is defined as τ , with
the fixed duration T of each time slot. During each time slot t ∈ τ , an energy
harvesting current Ih[t] is provided to the ZED. To execute local inference on
the device, there should be at least one model deployed on it. In this work,
we consider the deployment of multiple tinyML models on the ZED, which are
selected from a set of alternative tinyML models M .

As ZEDs are resource-constrained and usually equipped with limited storage
capabilities, not all models in M can be deployed. The memory constraint is
included so that only a subset of tinyML models, which does not exceed the
available memory size, is used. Each tinyML model (m ∈ M) has a memory
storage requirement Sm. How many tinyML models will be deployed depends
on the total memory storage availability Stot of the selected ZED.
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Table 2: Set of input parameters of the proposed system architecture and tinyML optimization
algorithm

Parameter Definition Constraint
τ = {t1, t2, ..., ti} Set of time slots T > 0

Ih[t] Energy harvesting current in slot t Ih[t] > 0
M = {m1, m2, ..., mj} Set of tinyML models M > 0

Sm Model size Sm > 0
Stot Total memory storage Stot > 0
am Model m average classification accuracy am ∈ [0, 1]
Im Model m current consumption Im > 0
Tm Model m execution time 0 < Tm ≤ T

Tmin Minimum model execution interval Tmin ≥ 1
Em Model m required energy Em > 0
Irem Remote inference current consumption Irem > 0
Trem Remote inference execute time 0 < Trem ≤ T
Erem Remote inference required energy Erem > 0

Tdeadline Deadline for next inference Tdeadline > 0
Ecur Current available energy Ecur > 0
Is Sleep current consumption 0 < Is < mint∈T Ih[t]

Vturnoff Turn-off voltage Vturnoff > 0
Vmax Maximum voltage Vmax > Vturnoff

V0 Initial voltage Vturnoff ≤ V0 ≤ Vmax

Vcap Current voltage on the capacitor Vcap > Vturnoff

V Fixed operating voltage of the device V > 0
C Capacitance C > 0

Each model is characterized by an average classification accuracy, defined
as am ∈ [0, 1]. The local execution of the tinyML model is also characterized
by its current consumption Im (Im > 0 if the model is executed) and execution
time Tm that should not exceed the duration of time slot T . These values
are important to calculate the required voltage threshold V reqm that must be
reached before the local inference task is executed. This value can be calculated
based on the equation presented in our previous work [27]:

V reqm =
Vturnoff − Ih[t]× ρ(Im)× (1− e(

−Tm
ρ(Im)×C

))

e(
−Tm

ρ(Im)×C
)

(1)

where Vturnoff is the turn-off voltage below which the device is not able to stay
on and will shut down. The chosen capacitor has a capacitance equal to C,
while the load resistance is modeled as a function ρ(Im).

As the proposed system architecture supports task-offloading, the captured
data can be sent to the Cloud for remote inference. The remote execution of the
ML model is also characterized by its current consumption Irem (Irem > 0 if the
remote inference is executed) and execution time Trem that should not exceed
the duration of time slot T . These values are used to calculate the required
voltage threshold V reqrem that must be reached before the remote inference
task is executed. Finally, this value can be calculated based on the equation
presented in our previous work [27]:

V reqrem =
Vturnoff − Ih[t]× ρ(Irem)× (1− e(

−Trem
ρ(Irem)×C

))

e(
−Trem

ρ(Irem)×C
)

(2)
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where the load resistance is modeled as a function ρ(Irem)
The current available energy is defined as Ecur, while the energy required

for local execution of the tinyML model (Em) or the energy required for remote
inference (Erem) can be calculated as follows:

E = I × T × V (3)

where I is the current consumption of the selected inference strategy (Im or
Irem, T is the execution time of the selected inference strategy (Tm or Trem),
and V is the fixed operating voltage of the device.

The minimum time, in the number of time slots, that can pass between
two inferences is defined as Tmin and must be at least equal to 1. The ZED
spends most of its time in the sleep state, in which it has a current consumption
equal to Is. To ensure the device can always harvest energy, it is assumed that
∀t ∈ τ : Is < Ih[t]. The maximum voltage of a fully charged capacitor is defined
as Vmax and the currently measured voltage on the capacitor as Vcap. It is
assumed that at the start of the first time slot, the voltage of the capacitor is
equal to V0.

3.2. Architecture overview

The proposed system architecture is illustrated in Algorithm 1. It allows
the deployment of multiple tinyML models of varying size (and therefore accu-
racy and inference execution time) on a single ZED, considering overall device
memory constraints. If enough energy is available, the device can decide to
send the captured data to the Cloud for remote inference. Which of these two
inference strategies is most suitable for execution is decided by our optimization
algorithm, considering timing, memory, and energy constraints and aiming to
maximize the total accuracy of results. Finally, the energy-awareness of our
approach is achieved by integrating an energy-aware task scheduler, presented
in our previous work [28], on the ZED.

The first task in the flow is CollectData() (Line 2). It collects and processes
data based on which the final decision is made. After the data has been collected
and processed, the device must decide which of the deployed inference strategies
is most suitable for execution. This selection is made by using our optimization
algorithm, taking into account the currently available energy (Ecur), the energy
required for both inference strategies (Em and Erem), and the completion time
of both inference strategies (Tm and Trem). As the Cloud-based ML model can
provide more accurate results, the remote inference task is given the highest
priority.

The first thing to check is whether the remote inference can be executed
before the deadline for the next inference Tdeadline expires. To calculate the
execution time of remote inference Trem, we use the mathematical model and
equations presented in our previous work [27]:

Trem(Vcur, V reqrem, Irem) = ρ(Irem)× C × ln(
V reqrem − Ih × ρ(Irem)

Vcur − Ih × ρ(Irem)
) (4)
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Algorithm 1: Accuracy, energy, and time-constrained inference cycle
execution algorithm

1 while true do
2 CollectData();
3 Ecur ← CalcAvailableEnergy(Vcap);
4 Trem ← CalcRemoteInferenceExecT ime(Ecur, Erem);
5 if Trem ≤ Tdeadline then
6 execute RemoteInference();
7 end
8 else
9 m← SelectOptimalT inyMLModel();

10 if Tm ≤ Tdeadline then
11 execute LocalInference(m);
12 end

13 end
14 Sleep(Tmin);

15 end

where Vt is replaced with V reqrem, V0 with Vcap as the current voltage on the
capacitor, and Ih is the estimated harvesting current.

In case the obtained value Trem is lower or equal to Tdeadline, remote in-
ference will be selected and executed (Lines 5-7). Once the remote decision is
made, the final result will be sent back to the ZED and confirmed by performing
the appropriate action.

If the remote inference solution cannot be executed within the deadline
Tdeadline, the device will try to select the most accurate tinyML model m from
the set of available tinyML models M . This selection is based on the optimiza-
tion algorithm defined in Section 3.3. The optimal tinyML model m will only
be executed if the required amount of energy is collected and execution can be
completed within the deadline Tdeadline. To calculate the execution time of local
inference Tm, we use the mathematical model and equations presented in our
previous work [27]:

Tm(Vcur, V reqm, Im) = ρ(Im)× C × ln(
V reqm − Ih × ρ(Im)

Vcur − Ih × ρ(Im)
) (5)

In case the obtained value Tm is lower or equal to Tdeadline, the optimal
tinyML model m will be selected and executed (Line 11). Once the decision is
made, the final result will be confirmed by performing the appropriate action.

The proposed design enables both parts of the system architecture to be
connected and capable of processing data and making decisions. However, the
Cloud-based ML model requires a lot of resources and more complex architecture
to work properly, but at the same time, provides more accurate results compared
to the tinyML solutions. On the other hand, for constrained ZEDs, sending
captured data to the Cloud can be energy-costly, increasing the possibility of
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power failures to occur during the data transmission. Taking this into account,
our main focus is on improving the accuracy of tinyML models executed on
ZEDs. In the following sections, a detailed description of the proposed tinyML
optimization algorithm, along with its assumptions and problem formulation, is
given. Also, to get multiple tinyML models that can fit the MCU architecture,
several techniques need to be applied. To better understand this process, a brief
overview of these techniques and the ML/TinyML workflow is provided. It must
be noted that the aspect of tinyML computational offloading to the Cloud is
not considered and deeply analyzed in this paper, as it was already studied in
our previous work [6].

3.3. TinyML model selection algorithm

In this work, we study the deployment of multiple tinyML models simul-
taneously on a ZED. Using our tinyML optimization algorithm, the optimal
tinyML model, respecting the accuracy, energy, and time constraints, will be
selected to analyze the collected data. We leverage the trade-off between energy
consumption and accuracy with the main objective of maximizing the accuracy
of the data analysis. Besides the accuracy and energy consumption, another
important parameter for our study is the total time the device needs to execute
the full cycle of the application, which includes: (i) collecting and processing
data, (ii) optimal model selection, (iii) local inference by calculating the output
of the neural network model, and (iv) confirmation of the final inference result
that can be implemented in the form of turning on an LED (i.e., different LED
colors for different gestures) or transmitting the result. We also consider the
trade-off in terms of latency, which means that this full application cycle must
be done before the defined deadline Tdeadline. The algorithm aims to select the
most accurate model that satisfies both the energy and deadline constraints.

3.3.1. Assumptions

We define four general assumptions that are valid for our tinyML optimiza-
tion algorithm:

Assumption 1. Time is split into equal-sized time slots.

Assumption 2. Energy harvesting current is assumed to be fixed (constant)
during a time slot, but it can vary between time slots.

Assumption 3. The application cycle is assumed to be executed at most once
per time slot.

Assumption 4. The capacitor voltage must stay above the turn-off threshold,
which can be ensured if the harvesting current stays above the current consump-
tion during a sleep state.

It must be noted that the problem can occur if the harvesting current is lower
than the sleep current consumption, causing the device to turn off. However,
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it does not necessarily involve additional problems once the device is turned
on again. There are two options that can be considered in this case. Storing
data into non-volatile memory ensures the device can check and continue its
execution from the point where the power failure occurred, but only if defined
constrains, such as the task deadline, can still be satisfied. Otherwise, it waits
until the required amount of energy is available and starts a new application
cycle. In case the approach does not consider usage of non-volatile memory, the
device starts from scratch once the required amount of energy is collected. In
this case, the problem that occurs is that the device loses application progress
as data is lost.

3.3.2. Problem formulation

The main objective of our tinyML model selection algorithm is to maximize
the total accuracy of the executed inferences. The problem formulation that in-
cludes the objective functions, constraints, and decision variables can be defined
as follows:

(P) max
∑
t∈τ

∑
m∈M

µm[t]× am (6)

s.t. ∀t ∈ τ :
∑
m∈M

µm[t] ≤ 1 (7)

∀t ∈ τ : V [t] ≥ Vturnoff (8)

∀t ∈ τ : V ′[t] ≥ Vturnoff (9)

∀tj ∈ [t1, ti−Tmin+1] :
∑

t∈[tj ,tj+Tmin
]

∑
m∈M

µm[t] ≥ 1 (10)

∀t ∈ τ, m ∈M : νm ≥ µm[t] (11)∑
m∈M

νm × Sm ≤ Stot (12)

where µm[t] is a decision variable, which can have a value of either 1 if tinyML
model m ∈ M is executed in time slot t ∈ τ or 0 otherwise (µm[t] ∈ {0, 1}).
There can be at most one model executed per time slot as shown in Equation 7.
To ensure the safer execution of the selected tinyML model and in an energy-
aware manner, the capacitor voltage V [t] at the beginning of a time slot and
the capacitor voltage V ′[t] after executing the selected tinyML model should be
above the turn-off voltage Vturnoff (cf., Equation 8, 9). Based on Equation 10,
we need to execute the tinyML model at least once every Tmin time slot. For
the fifth constraint (cf., Equation 11), we introduce the helper variable νm =
{0, 1} that equals 1 if a tinyML model m ∈ M is used at least once. Finally,
the total memory storage required by all tinyML models that are used at least
once (νm × Sm), should not exceed the available memory storage Stot on the
ZED (cf., Equation 12).

In order to ensure the capacitor voltage V [t] at the beginning of a time slot
stays above the turn-off voltage Vturnoff , we first need to calculate this value
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Figure 1: Time slots structure with a constant duration of T , including the inference and
sleep parts of the ZED.

at the start of the time slot t:

∀t ∈ τ : Texec[t] =
∑
m∈M

µm[t]× Tm (13)

V [0] = 0 (14)

where Texec[t] is the execution time of the full inference part of the time slot t
that is described in more detail in Section 3.3. Vt can be defined as the starting
voltage of time slot t.

∀t ∈ τ \ {t1} : V [t] =min

(
Ih[t− 1]× ρ(Is)×

(
1− exp

(T − Texec[t− 1]

ρ(Is)× C

))
+

V ′[t− 1]× exp
(T − Texec[t− 1]

ρ(Is)× C

)
, Vmax

)
(15)

The ZED finishes the execution of the full inference cycle (Texec[t − 1]) at
the voltage V ′[t− 1], after which it goes into a sleep state for T − Texec[t− 1],
consuming Is. The way of calculating the voltage after the execution of the full
inference cycle is described below. In case no model is selected for execution
during a time slot t, Texec[t] = 0, and the device will spend the whole time slot
in sleep mode (i.e., T −Texec[t] = T ). The load resistance during the sleep state
is modeled as a function ρ(Is) [27]. The structure of time slots, considering the
inference and sleep parts, can be seen in Figure 1.

The capacitor voltage V ′[t] after executing the model during the time slot t
can be calculated as follows:

∀t ∈ τ : Iexec[t] =
∑
m∈M

µm[t]× Im (16)

where Iexec[t] is the total current consumption of the full inference part of the
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Figure 2: Neural networks with different architectures are built and trained based on prior
datasets. Trained neural networks, with different accuracy, are converted into a form that can
be run locally on constrained IoT devices.

time slot t.

∀t ∈ τ \ {t1} : V ′[t] =min

(
Ih[t]× ρ(Iexec[t])×

(
1− exp

( Texec[t]

ρ(Iexec[t])× C

))

+ V [t]× exp
( Texec[t]

ρ(Iexec[t])× C

)
, Vmax

)
(17)

We assume that the harvesting current Ih[t] during the time slot t is constant.
The load resistance during the inference state is modeled as function ρ(Iexec[t])
[27].

3.4. TinyML model creation

To prepare and deploy multiple tinyML models on a single ZED, several
phases are required, as shown in Figure 2. The first phase is to build the base
CNN model in the Cloud. The base model architecture can be either experi-
mentally derived, considering similar CNN architecture for particular use case,
or this part of selection can be automatized by using the Network Architec-
ture Search (NAS) technique [29]. Instead of manually designing the model
architecture, which can be a difficult and time-consuming task, NAS uses effi-
cient algorithms to automatically discover the optimal model architecture for a
specific use case [30].

Once the base CNN model is built, several heavy-weight ML models with
different sizes, accuracy, and complexity can be derived from it. This can be
done by defining the width multiplier presented first in [31] that serves as a
hyperparameter. The role of this parameter is to thin a network uniformly
at each layer, defining a new smaller model with a reasonable accuracy and
size trade-off. Smaller values of the width parameter result in smaller and less
complex ML models, while larger values lead to more accurate and complex
models. Also, this approach impacts the complexity at inference time, which
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means that the faster the model executes, the less power will be consumed,
assuming that 100% of processor time is being used.

After different ML models are built, the next stage is to train, test, and
evaluate them. Training can be executed on the Cloud considering large datasets
or even on the edge device but with limited capacity and performance [30]. In
our case, we train and test different ML models on a server using pre-collected
training and testing data, and TensorFlow ML framework. However, we keep
one part of the data for validation and evaluation purposes in order to check
how our models perform on unseen data and assesses their general performance.

The third stage is to convert trained ML models into tinyML versions that
inherit all the properties of the original ones, but with reduced computational
and memory overhead, and thus accuracy, so they can be run and executed on
constrained edge devices. There are several techniques to optimize and convert
the ML model into a form that can be run on an embedded device, such as
knowledge distillation [1] [32], network pruning [33] [34], and quantization [11].
In our case, we apply the quantization technique to reduce the precision and
size of ML models, making them more energy-efficient and speeding up on-
device inference. The weight and activations of the ML model are typically
represented as 32 or 64-bit float values. By converting and scaling down these
values, except in input and output layers, to an 8-bit integer (int8) format, the
precision of the ML model is reduced to fit the MCU architecture. The major
benefits we obtain from quantization are minimal impact on model accuracy,
reduced memory overhead and computational complexity, and improved energy
efficiency [3].

Once ML models are optimized, we convert them into lite models using
the TensorFlow Lite interpreter [35]. These models are evaluated on a server
considering the same datasets used in the second stage. If the obtained results
meet the requirements, the tinyML models are converted to C++ files and then
deployed and compiled on our embedded IoT device, and as such are further
used for local inference. Otherwise, the process can be repeated by designing a
new model architecture or retraining existing large ML models.

4. Prototype Implementation: Gesture Recognition

As a proof of concept for our approach, this section describes our prototype
of an energy-aware IoT application implemented on a ZED. A brief overview of
used hardware components, which includes a microcontroller and power man-
agement unit (PMU) subsystems, is given. In the end, we explain how multiple
heavy-weight Cloud-based ML models for gesture recognition are built, trained,
evaluated, and finally converted and deployed as tinyML models on the con-
strained ZED

4.1. Energy-aware IoT application

For evaluation purposes, we developed an IoT application that allows the
deployment, selection, and execution of multiple tinyML gesture recognition
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models running on the ZED in an energy-aware manner. The energy-aware
application was deployed based on the proposed system architecture (cf., Al-
gorithm 1). It is composed of six main tasks. The first task in the flow is to
collect gesture data using the integrated inertial measurement unit (IMU) sen-
sors. It is a periodic task and can be repeated every X seconds if enough energy
is available. Once gesture data is captured, it is processed and normalized to
fit as an input to our tinyML models deployed on the device. In our prototype,
we consider two tinyML models to be deployed and run on the ZED (cf., Sec-
tion 4.4). Using our tinyML optimization algorithm (cf., Section 3.3), the device
will select the optimal tinyML model at that moment in time, respecting energy,
time, and accuracy constraints. If both of the deployed tinyML models satisfy
all defined constraints, the more accurate one will be selected for execution.
The model selection will be confirmed by briefly turning on the appropriate
LED (i.e., green LED for Model 1, red LED for Model 2). Once the decision is
made, the inference result will be confirmed by performing the defined action,
which in our case is briefly turning on the appropriate LED again (i.e., green
LED for Gesture 1, red LED for Gesture 2, blue LED for Gesture 3). In case
none of the available tinyML models can meet the set constraints (i.e., can be
completed within the defined deadline), the scheduler will remove the processed
gesture data, and select the first task in the flow to be repeated. In this way,
data freshness is ensured as the device will not work with expired data.

4.2. Microcontroller subsystem

The microcontroller subsystem consists of two main parts: (i) the micro-
controller unit, and (ii) the voltage divider with resistors that is connected to
our MCU via ADC and GPIO pins, as shown in Figure 3. The Arduino Nano
33 BLE Sense [36] was chosen, due to its support for different environmental
sensors and the possibility to execute tinyML models using the TensorFlow Lite
Micro library [37]. With the 1MB CPU Flash and 256kB RAM, it allows us
to deploy, run, and execute multiple tinyML models simultaneously. The board
is equipped with an LSM9DS1 9-axis IMU [38] used for detecting board orien-
tation, motion, acceleration, and vibrations. In this way, gesture data can be
collected and later used as input to our gesture recognition tinyML models.

Finally, to enable our Arduino Nano 33 BLE Sense board to measure and
read the voltage on the capacitor and compare it to the calculated voltage
thresholds of each application task, an additional voltage divider was added.
This will increase the current consumption as the voltage measurement cir-
cuit contains additional resistors. To reduce it, MOSFETS that act as circuit
switches are used. In this way, the harvested energy can be used better by de-
termining the usable energy capacity stored in the capacitor and the ZED can
be modified to act in an energy-aware fashion.

4.3. Intelligent power management based on the AEM10941 chip

In our prototype, we consider a real energy-harvesting environment with so-
lar panels that harvest ambient light energy. Based on that, there is a need
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Figure 3: Microcontroller subsystem consisting of two main parts, the microcontroller unit
with the integrated IMU on which the energy-aware IoT application and tinyML algorithms
are running, and the voltage divider with resistors for reading capacitor voltage.

to manage this incoming energy by using the appropriate PMU. The power
management is performed using the AEM10941 [39], an integrated energy man-
agement circuit designed by e-peas [40], for solar and thermal harvesters, which
extracts DC power from up to 7-cell solar panels to simultaneously store energy
in a rechargeable element (e.g., capacitor), after which it is converted to a stable
voltage to operate the ZED. It can provide a voltage supply from 1.2V to 4.1V
supply with a maximum load current of up to 80mA. Also, the e-peas evalua-
tion board can support input voltage in the range from 50mV to 5V, starting
harvesting energy at 380mV with an input power of only 3µA.

4.4. Gesture recognition models

In this work, we developed, deployed, and evaluated multiple energy-aware
IoT neural networks able to detect and recognize different gestures captured
on the ZED. Gesture detection and recognition are achieved by deploying one
or multiple tiny CNNs on the constrained ZED. These tinyML models were
obtained from multiple heavy-weight ML models built and trained in the Cloud.
To train these models, a dataset containing gesture data that belongs to three
classes, hand-up, hand-forward, and hand-circular, was used. Gesture data was
collected from 10 different persons and each person collected between 20 and
40 samples of each gesture. First, we defined an overall model architecture
that was experimentally derived based on similar CNN architecture for activity
recognition shown in [11]. It contains 12 layers, 3 2D convolutional layers, 2
max-pooling 2D layers, 3 dropout layers, 1 flattening layer, and 3 fully connected
dense layers. The proposed architecture uses ReLu activation functions for all
the layers, except the last dense layer which has a Softmax activation function.
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Figure 4: Evaluation of Large and Small Cloud-based (LCM and SCM) and Large and Small
tinyML (LTM and STM) models considering training and validation datasets

The number of layers is the same for all considered heavy-weight ML models.
To vary the performance (inference time and complexity) and accuracy of these
models, we used a width parameter-based optimization technique, described in
Section 3.4. In this way, we were able to scale the number of filters, size of
layers, and total number of trainable parameters in the defined CNN models.

We started with the oversized heavy-weight ML model running in the Cloud,
using a width parameter of 1.5, which contains almost 900k parameters and re-
quires 10.5MB of memory. This is way too large to be converted and deployed
on constrained ZEDs. Based on that, from this base model, we extracted two
smaller Cloud-based ML models, Large Cloud ML (LCM) and Small Cloud ML
(SCM), considering a width parameter of 0.7 and 0.1, respectively. In this way,
we reduced the number of parameters to 96859 and 319, and the memory require-
ments to 1.2MB and 62.4kB, for the LCM and the SCM, respectively. These
two neural networks were trained using the TensorFlow framework, through 200
epochs with a batch size of 16 and a learning rate of 0.01. Adam was chosen as
optimizer as well as categorical cross-entropy as loss function. Early-stopping
[41] was used to prevent model overfitting and to save time and resources. The
learning rate scheduler [42] was also used to reduce the learning rate during
training if the validation loss stops improving for a certain number of epochs.
Reducing the learning rate, the optimizer takes smaller steps and potentially
finds a better local loss minimum.

The aforementioned dataset was divided into two additional subsets: (i) ges-
ture data from 9 persons split into training (75%) and testing (25%) datasets,
and (ii) remaining gesture data from 1 person used for additional validation of
our models. During the training phase, the performance of both heavy-weight
ML models, in terms of accuracy and loss, was evaluated based on the defined
training and testing data. Once the training was done, the results from the Ten-
sorFlow training environment were converted into a form suitable for tiny ZEDs.
Both Cloud-based ML models were converted and generated into TensorFlow
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Lite files [35] using the int8 quantization technique described in Section 3.4.
This reduced the memory requirements to 104.8kB and 6.1kB for the Large
tinyML model (LTM) and the Small tinyML model (STM), respectively.

The final stage was to evaluate both the Cloud-based ML models and the
tinyML models extracted from them in terms of accuracy and based on defined
test and validation datasets as shown in Figure 4. The LCM showed the best
performance, achieving more than 20% higher accuracy on average compared
to its counterpart, the SCM. Due to the quantization process, the precision of
models is reduced, but still with minimal impact on the accuracy of optimized
tinyML models (0.1% for the LTM and 0.6% for the STM on average, considering
both evaluation cases). As a more complex Cloud-based ML model results in a
more complex tinyML model, the LTM showed more accurate results compared
to its counterpart, the STM.

5. Device and Application Profiling

To perform accurate experiments and energy-aware task scheduling, the cur-
rent consumption (Istate) and execution time (tstate) of the different states of
the device, such as collecting and processing gesture data, selecting the optimal
tinyML model and performing local inference, or confirming inference results,
are required. In this section, we provide a brief overview of the used device and
application profiling methodology to get the current consumption and execution
time of different states of the device, as well as the actual results. Taking into
account these two values, along with the voltage at which they are measured,
the energy consumption (Estate) of each of the considered states of the device
can be calculated. The real experiments, measurements, and validation of our
approach were performed using the Arduino Nano 33 BLE Sense board (cf., Sec-
tion 4.2) on which an energy-aware IoT application for gesture detection and
recognition was implemented. The current consumption and execution time of
the different states of the Arduino board were obtained with a Nordic Power
Profiler Kit II [43], a standalone unit that can measure the current levels of
different hardware, providing a voltage supply between 1.6V and 5.5V [6].

To decrease the total current consumption and enable our energy-aware IoT
application to run battery-less, the Arduino Nano 33 BLE Sense board must
operate in low-power mode for most of the time. In order to achieve this, the
step-down voltage regulator is disconnected, the power LED, sensors, and I2C
pull-up resistor are only activated when acceleration data is collected, and the
UART port is disabled.

Table 3 shows the average current consumption and execution time of dif-
ferent states of the Arduino Nano 33 BLE Sense board measured at 3.3V. The
same voltage is used with the e-peas PMU to run our device. The average values
± standard deviation (AVG ± STD) and maximum values (Worst Cases) for
both, current consumption and execution time, were obtained based on 15 re-
peated measurements. In our experiments, we considered the worst-case current
consumption and execution time values for the energy-aware scheduler to ensure
that the device would not turn off after task execution due to unexpected energy
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Table 3: Current consumption and execution time for different states of the Arduino Nano 33
BLE Sense board

AVG ± STD Worst Case
State Current draw Execution time Current draw Execution time

Collect/Process
gesture data

6.6±0.24 mA 2073.19±470.84 ms 7.04 mA 3045 ms

Local inference
(LTM)

4.22±0.05 mA 98.89±1.48 ms 4.26 mA 103.8 ms

Local inference
(STM)

3.52±0.06 mA 9.39±0.21 ms 3.61 mA 9.86 ms

Model selection
&

Confirmation
2.12±0.01 mA 497.21±1.69 ms 2.23 mA 500.07 ms

Confirm results 1.46±0.02 mA 501.91±1.25 ms 1.48 mA 504.8 ms
Voltage check 0.44±0.03 mA 3.35±0.34 ms 0.51 mA 3.88 ms

Sleep - - 0.92 mA -

Table 4: Energy consumption of the Arduino Nano 33 BLE Sense board (Worst Case)

State Energy Consumption (mJ) Overhead percentage (%)
Collect/Process
gesture data

70.74 90.14

Local inference
(LTM)

1.46 1.86

Local inference
(STM)

0.12 0.15

Model selection
&

Confirmation
3.68 4.7

Confirm results 2.47 3.15
Voltage check 0.0066 0.0084
Total sum 78.4766 -

consumption peaks. Finally, Table 4 shows the worst-case energy consumption
of different states of the Arduino Nano 33 BLE Sense board, calculated using
the values presented in Table 3 and the voltage at which they are obtained.

The highest energy cost task is collecting and processing gesture data as
it requires the use of IMU sensors to detect movement and read acceleration
data. In our work, we consider two tinyML models for performing the inference
task. Based on the obtained results, the STM executes more than 10 times
faster than the LTM consuming less energy. To select and confirm the optimal
tinyML model for execution at a specific time, the device consumes around
3.68mJ. Each inference result is confirmed by briefly turning on the appropriate
LED, which consumes around 2.47mJ.

Using the tinyML optimization algorithm presented in Section 3.3, the device
can select and execute one of two possible inference paths, which is optimal at
a specific time: (i) a large tinyML inference (LTI) path (cf., Figure 5a) that
starts with the selection and confirmation of the LTM by briefly turning on
the appropriate LED (i.e., red LED for LTM), after which the inference task is
executed and results confirmed, and (ii) a small tinyML inference (STI) path
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Figure 5: Measured current consumption and execution time for tinyML inference paths con-
sidering the execution of the model selection algorithm (m1-m2), inference using the selected
model (m2-m3), and result confirmation (m3-m4)

(cf., Figure 5b) that starts with the selection and confirmation of the STM
(i.e., green LED for STM), after which the STM inference task is performed
and results confirmed. Based on that, we measured the current consumption
and execution time of these two inference paths, where the considered tasks are
executed one after the other, without additional energy checks. The LTI path
requires more time for execution compared to the STI path, drawing a bit more
energy.

6. Results

In this section, the results and validation of our hardware-software prototype
described in Section 4, which enables gesture detection and recognition on ZEDs,
are presented. Based on the defined energy-aware IoT application and manually
configured e-peas power management board, we defined and performed differ-
ent experiments, considering different parameters and the real energy-harvesting
environment with a solar panel, to validate our proposed solution. For the ex-
periments, we considered two main approaches: (i) constant harvesting current
and voltage during the full time of the experiment, and (ii) non-constant har-
vesting current that varies throughout the experiment.

To perform experiments for both approaches, we designed the experimental
setup with the photovoltaic-powered battery-less IoT device. Our setup consid-
ers controlled lighting conditions with an artificial light placed at some distance
above the solar panel as shown in Figure 6. This is done to create control-
lable and repeatable experiments, which simplifies the analysis of results and
comparison of different approaches. A Philips Hue White A21 smart bulb [44]
controlled via a Bluetooth application was used as a light source. It is attached
inside a plastic dark box offering a powerful 1600-lumen output. A Panasonic
AM-5608 [45] solar panel that consists of 6 amorphous silicon solar cells was
used. The e-peas PMU was added to: (i) extract the maximum power from
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Figure 6: Controllable experimental setup with artificial light source

the solar panel, (ii) charge the capacitor, and (iii) regulate the output voltage
to our ZED. Finally, the Arduino Nano 33 BLE Sense board was connected to
the e-peas board via the appropriate power supply (e.g., 3V3) and ground (e.g.,
GND) pins, measuring the capacitor voltage using the voltage divider presented
in Section 4.2.

6.1. Constant harvesting current

In the first approach, the known harvesting current for calculating the re-
quired voltage thresholds of the application tasks was considered. We assumed
that the value of the harvesting current was perfectly determined and would
not change for the full time of each experiment. This value is defined before
the experiment starts, which in reality is not the case as this knowledge is not
perfect based on the unpredictability and dynamism of both natural and artifi-
cial light sources, causing the harvesting current to change frequently. Even if
not realistic, we performed these experiments to get results under controllable
conditions that are easier to analyze and interpret.

Table 5 lists the general parameters used in our experimental setup when the
constant harvesting current is used. The used capacitor has a voltage thresh-
old Vmax equal to 4.5V. The device will turn on when the voltage threshold,
Vturnon, of 3.92V is reached. The turn-off voltage Vturnoff , below which the
device cannot operate is set to 3.6V. During the operating stage, the e-peas
PMU provides our ZED with the supply voltage Voutput of 3.3V. A capacitor
of 0.5F was tested in combination with three different harvesting currents (i.e.,
2mA, 4mA, and 6mA). Finally, the experimental run lasted 5 minutes for all
experiments, considering and testing three different gesture intervals (i.e., 1, 5,
and 10 seconds). It must be noted that the device attempts to collect gesture

22



Table 5: Experimental setup for the constant harvesting current approach

Parameter Symbol Value
Max Voltage Vmax 4.5 V

Turn-on Voltage Vturnon 3.92 V
Turn-off Voltage Vturnoff 3.6 V
Supply voltage Voutput 3.3 V
Capacitance C 0.5 F

Harvesting Current Ih {2, 4, 6} mA
Experiment duration Texp 300 s

Gesture capture periodicity tcollect {3, 5, 10} s

data at this predefined interval, but only if enough energy is available. Other-
wise, it will go into a sleep state and wait for the interval to expire again to try
to collect new data.

For this approach, we considered two tinyML models (LTM and STM) pre-
sented in Section 4.4. Each of these tinyML models was deployed and tested on
the ZED separately. To fairly compare them, the experimental setups with the
same configuration parameters (i.e., capacitor size, gesture capture periodicity,
harvesting current, etc.) were considered in both cases. The main goal of these
experiments was to analyze the trade-off between the accuracy of local infer-
ence results and the energy consumption of the device when different versions
of tinyML models are deployed and executed, taking into account the impact
of different intervals between gestures. In our experiments, we have followed
the behavior of the ZED considering both tinyML models in terms of the total
number of executed inferences, including the accuracy of the final results (cf.,
Figure 7).

Considering a lower harvesting current, e.g., 2mA, the device needs to sleep
longer to reach the required voltage thresholds for the application tasks, espe-
cially to collect and process gesture data, for both considered tinyML model
approaches. This behavior results in longer application cycles, which directly
affects the total number of executed inferences (cf., Figure 7a). As the har-
vesting current increases, the required voltage thresholds for each of the defined
application tasks are lower, enabling the device to reach them faster. As a re-
sult, the device can execute a higher number of inferences for both considered
tinyML models (cf., Figure 7b and 7c). Taking into account all considered
cases, the STM shows better performance in terms of the number of executed
inferences (2 more inferences on average) due to lower energy requirements and
faster execution.

The gesture interval is an important factor that determines the performance
of both tinyML models. The highest number of local inference executions for
both tinyML models is with a gesture interval of 3 seconds. The device tries
to collect gesture data more frequently, which means there are fewer situations
when the device will miss a gesture and have to wait for the predefined 3-
second interval to expire again. By increasing the gesture interval (e.g., 5 and
10 seconds), the device can collect enough energy before the predefined interval
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Figure 7: Total number of executed local inferences for both tinyML models taking into
account correct and incorrect predictions and considering different harvesting currents and
gesture capture intervals
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Table 6: Experimental setup for the non-constant harvesting current approach

Parameter Symbol Value
Max Voltage Vmax 4.5 V

Turn-on Voltage Vturnon 3.92 V
Turn-off Voltage Vturnoff 3.6 V
Supply voltage Voutput 3.3 V
Capacitance C 0.5 F

Harvesting Current Ih {2, 3, 4, 5, 6} mA
Experiment duration Texp 600 s

Gesture capture periodicity tcollect 3 s

expires but is not allowed to start collecting new data before that expiration. In
this case, the device wastes time waiting, which directly affects the total number
of executed inferences (4 and 8 for the LTM and 4 and 10 for the STM fewer
inferences on average with gesture intervals of 5 and 10 seconds, respectively).

Finally, we compared our tinyML models in terms of accuracy. In all con-
sidered cases, the LTM shows more accurate results. When a lower harvesting
current, e.g., 2mA, is used, the LTM shows more than 22% higher accuracy on
average compared to the STM. By increasing the harvesting current, the dif-
ference between results in terms of accuracy is even higher, as the device can
execute inferences more frequently, which opens a space for more wrong predic-
tions when the STM is used (26.56% and 33.86% higher accuracy of the LTM
on average for 4mA and 6mA harvesting currents, respectively).

6.2. Non-constant harvesting current

In the second approach, the harvesting current was varied over time. For this
approach, the same setup shown in Figure 6 was used, considering the general
parameters listed in Table 6. For the e-peas PMU, the same configuration as
in Section 6.1 is used, except the experimental run lasted 10 minutes, where
we switched the harvesting currents Ih every 2 minutes, considering the gesture
interval of 3 seconds.

For this approach, we did not test two tinyML models separately. In con-
trast, both of our tinyML models are deployed together, enabling two possible
inference paths (LTI and STI) to be selected and executed (cf., Section 5). Based
on the considered harvesting currents, the deadline before which the inference
result must be confirmed on the device can be defined. The worst-case scenario
(Ih = 0) is considered for calculating the required voltage thresholds for applica-
tion tasks. Taking into account the measured time values for tinyML inference
paths (cf., Figure 5) and calculating the required time the device needs to wait
until the required voltage threshold is reached, based on Equation 15 (cf., Sec-
tion 3.3.2), our tinyML optimization algorithm will select and execute optimal
tinyML inference path, respecting accuracy, energy, and time constraints.

Figure 8 shows the capacitor voltage changes during the task execution and
the total number of executed tinyML inference paths (LTI and STI). To distin-
guish when each considered inference path was selected and executed, the LTI
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Figure 8: Capacitor voltage behavior (C = 0.5F) over time when executing different tinyML
inference paths (LTI path as green dots and STI path as red dots) and the total number of
executed inference paths considering correct and incorrect predictions and different harvesting
currents during the experimental time.

path is presented as green dots and the STI path is presented as red dots as
shown in Figure 8a. We started with the highest harvesting current of 6mA,
during which the capacitor maintained the operating voltage on a high level
(around 4V), allowing the device to collect more than enough energy to per-
form all application tasks (cf., Figure 8a). In this case, both tinyML inference
paths could be done within the deadline, but due to the higher accuracy, the
LTI path was selected and executed (cf., Figure 8b). Similar behavior can be
observed when the harvesting current of 5mA is used. In both cases, the higher
current consumption is traded off for more accurate results (around 87% cor-
rect predictions on average). Considering the lower harvesting currents such as
2mA, 3mA, and 4mA, the device starts to lose energy faster, which prolongs
the waiting time until the required voltage thresholds are reached and affects
the number of executed inferences (cf., Figure 8b). During these periods, only
the STI path could be completed within the deadline, and based on that it was
selected and executed. Finally, this resulted in 33.34% less accurate predictions
on average compared to periods when the LTI path was used.

7. Discussion

In this work, a mathematical framework that dynamically selects the opti-
mal tinyML model for execution, aiming to maximize the accuracy of the final
results, is presented. This article shows that multiple tinyML models can be
deployed on a single ZED, without the need to build and use the additional
Cloud infrastructure. Depending on the predicted variable energy availability
over time, ZEDs can select the most suitable tinyML model for execution, re-
specting energy, accuracy, and time constraints. However, there are still some
challenges that should be discussed and considered in future research:
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(i) Scalability of the proposed solution for large-scale IoT deploy-
ments - ZEDs are typically low-cost and low-power devices, which makes
them well-suitable for large-scale deployments. They show their bene-
fits in some hard-to-reach areas as they do not require additional power
maintenance due to their dependence on environmental energy sources.
Deploying multiple of these devices in the field, reduces the need for cen-
tralized processing, minimizing latency and bandwidth usage for sending
data to the Cloud. However, to enable large-scale deployment there are
multiple challenges. First, ZEDs are resource-constrained devices, with
limited computational power and storage capabilities. This automatically
affects the size and complexity of deployed tinyML models, which in the
end could restrict the accuracy of these models as well as increase the need
for dynamic model updates. The same challenge can occur in situations
when different versions of ZEDs are deployed. In this case, it is important
to ensure that models are trained considering data collected from different
devices. Also, two interesting techniques can provide a promising solution
for this issue. Over-the-Air TinyML (OTA-TinyML) [46] is the technique
to remotely update, configure, and execute tinyML models on IoT devices.
This allows models to be updated on ZEDs and the deployment of fully
trained models on new devices installed on the field. The second technique
is TinyML with Online-Learning (TinyOL) [47], which enables incremen-
tal on-device training based on new streaming data. In this way, different
ZEDs can continue their training based on collected data. Finally, the
future direction will be oriented to reducing the network overhead as well.
In the proposed approach, most of the intelligence is on-device, and in
that way, it does not affect the larger network. However, in large-scale de-
ployment, there is a possibility of communication between devices as well
as between a single ZED and Cloud, so based on that it is important to
ensure the optimal selection of used network architecture and protocols.

(ii) Memory constraints - One of the main characteristics of ZEDs is their
storage limitations. This parameter dictates the type, size, and number
of small neural networks that could be deployed on a single ZED. In our
previous work [6], we considered a person detection use case and deployed
a larger model that almost completely occupied the available storage of
the device. In contrast, the present article aims to show the possibility of
deploying multiple tinyML models simultaneously on a ZED and optimally
selecting the most suitable one. Based on that, we decided to go with more
lightweight ML models and present a gesture detection and recognition use
case. In this way, multiple tinyML models can be deployed on a single
ZED. In the future, ZEDs with more storage capabilities could simplify the
process of tinyML deployment and enable even more complex scenarios.
Also, the other promising solution is called Split Learning [48], where just
a few parts of neural networks crucial for data processing and making
decisions are deployed, and in that way are smaller and more suitable for
a larger deployment on constrained ZEDs. This approach will be discussed
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in our future research.

(iii) TinyML model selection algorithm - In this work, a formal descrip-
tion of the problem and mathematical framework for how to optimally
select the most suitable tinyML model among all deployed models on a
single ZED, aiming to maximize the total accuracy of inference results, are
provided. However, the proposed approach adds some additional compu-
tational overhead, which is shown in Section 5. Compared to our previous
work [6], where we considered two inference strategies and task-offloading
support, the calculated overhead is still significantly lower compared to
sending captured data to the Cloud and waiting to receive and confirm
the final result on a ZED. Our future goal is to decrease the computational
overhead, make our algorithm more efficient, and compare its performance
against other potential optimization methods that can improve tinyML
model selection in constrained environments.

8. Conclusions

In this article, we presented a mathematical formulation that allows the cal-
culation of the optimal energy-aware deployment and management of multiple
tinyML models simultaneously on a single ZED, aiming to maximize the ac-
curacy by selecting and executing the optimal tinyML model. To validate our
approach, we developed an energy-aware IoT application capable of detecting
and recognizing different gestures and designed a hardware prototype on which
the necessary intelligence is deployed.

Based on the controllable setup with an artificial light placed above the solar
panel, we performed different experiments considering two main approaches: (i)
constant harvesting current during the full time of the experiment, and (ii)
non-constant harvesting current that varied throughout the experiment. In the
first case, we analyzed the trade-off between the accuracy of local inference
results and the device’s energy consumption when different versions of tinyML
models are deployed and executed, taking into account the impact of different
gesture intervals and harvesting currents. The smaller tinyML model showed
better performance in all considered cases in terms of the number of executed
inferences due to lower energy requirements and faster execution but at the
cost of lower accuracy. Considering the shortest interval of 3 seconds between
gestures, both tinyML models executed the highest number of inferences due to
the higher frequency of data collection.

In the second case, using our tinyML optimization algorithm, the optimal
tinyML inference path was chosen for certain harvesting conditions, respecting
energy, accuracy, and time constraints. Our results showed that the device will
favor the larger tinyML model for inference under higher harvesting currents
due to better accuracy. Otherwise, the smaller tinyML model is selected and
executed, showing 33.34% less accurate predictions on average.
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