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C] OBJETIVOS DEL PROYECTO

Objetivos cientificos del proyecto (0OC):

OC1.- Optimizacion de sistemas de computacion y comunicaciones en infraestructuras IoT
estaticas INVERNADEROS) y moviles (DRONES)).

OC2.- Optimizacion de recursos naturales y energéticos en invernaderos.

OC3.- Optimizacion del procesamiento de imagenes de drones para la prevencion y
resolucion de catastrofes naturales.

Objetivos tecnologicos (OT):

OT1.- Desarrollo de un sistema avanzado de virtualizacion remota de GPUs de ultima
generacion en entornos [oT estaticos y moviles.

OT?2.- Desarrollo de un prototipo de invernadero inteligente para la optimizacion del uso de

recursos naturales.
OT3.- Desarrollo de un sistema de control para la captura y procesamiento eficiente de

imagenes de drones.




El contexto cientifico
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loT enables industrial and socioeconmic process transformation
Al+loT

AloT brings sensors, machines, cloud computing, analytics and
people toguether to improve productivity and efficiency

Manufacturing Agriculture Policy-makers Natural disaster
Management & prevention
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No body just buys “Al”... or “loT”
.... they seek bussiness outcomes




Al Implications
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Progresion hacia la concienciacion
industrial de la IA

Cognitivo
1 Alto valor estratégico
* Enriquecimiento del disefio del
producto
* Mejora de la calidad del producto
Fdcil de implementar * Optimizacion de los procesos
* Cadena de suministro digital
* Mejora de la sequridad de los Complejidad del
trabajadores modelado ML
* Reduccion de pérdidas
* Mantenimiento predictivo
* Mejora de la operativa del equipo
Manual

Rutinario No rutinario



GLOBAL'# T

) POLITECNICA
DE VALENCIA

ML en datos generados por el loT
es complicado

ML is all about data

Los datos generados por las maquinas
muchas veces son liosos, no representan
la realidad por no hablar de los fallos....

loT devices deben reportar los datos en formatos
Simples para ser flexibles para la abstraccion de
funciones

* Falta de etiquetas, contexto y relaciones: Los sensores
s6lo mandan datos simples (float, int). Se debe construir el
contexto de esos datos para afadirlo.

* Datos de mala calidad e integridad: El 10T tiene recursos
limitados y en algunos cosos de mala calidad o en
situaciones muy desafiantes tecnolégicamente.

* Distinguir desviacion de variacion: Se necesita un analisis
de datos avanzado para distinguir causalidad de casualidad.

* Datos con muchas dimensiones: Se refiere al nUmero de
parametros independientes en el analisis. Cuantas mas
variables los métodos de ML son computacionalmente mas
costosos
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Alinear las técnicas ML con un propdsito/funcion

Supervised Machine learning

* Usado comunmente para alcanzar un
objetivo predefinido basado en funciones
algoritmicas que conectan la entrada con
la salida.

* Dadas las entradas adecuadas , se puede
predecir las salidas usando nuevos datos.

* Entre los modelos destaca método de
regresion lineal, auto-regresivos (AR)

* Aplicable a series temporales
mantenimiento predictivo, temperatura,
vibraciones ...
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Regresion

e Training data
Linear Regression
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Alinear las técnicas ML con un propdsito/funcion

. . . Classificacion
Supervised Machine learning f

* Asume que los datos pertenecen a
unas categorias bien defindas.

* Aplicable a modelos basados en
contextos donde se quiere determinar
la causa (e.g. meteorologia, habitos de
consumo)

* Entre los modelos destaca K-NN, SVM,
RF, ANNSs

* Aplicable a conjuntos de datos con
multiples rangos.
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Alinear las técnicas ML con un propdsito/funcion

Unsupervised Machine learning

* Asume que no se conocen el resultado
final.

* Entre los modelos destaca [Clustering]
K-mens, FCM, FM; [Visualizacion vy
reduccion de la dimensionalidad] PCA,
etc.

* Muy efectivo para l|la mejora de
procesos y calidad de producto.

* Complejo de implementar en data sets
de alta dimensionalidad.

Clustering
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blocks =2

Traditional approach

Limpieza &
Recogida & Cotejo Contextualizacion

@ Historico
de dato\s

\
\
\
\

Pub/sub._ _ _1 I

L — —p @ -—=>
«

/ -1 I =
((C)) Streamir/:g l l

Agregados de diferentes
fuentes, estructuracion y cotejo
de datos segun ventana
temporal. http, MQTT, API rest.

Separar sefnales de ruido,
limpieza, enriquecer y
preparar datos de loT.
API notification

Optimizacion Andlisis &
estructura Visualizacion
. - ,

Almacenamiento de los ML models training &
datos procesados, andlisis  inference. Sklearn,
de series temporales y RAPIDS, Tensor Flow ....

reutilizacion de datos en
crudo. Elastic Search. In-
memoria database



ey UNIVERSITAT
“ClMEE) POLITECNICA
s’ DE VALENCIA

GLOBAL'# T

All that glitters is not gold: “Performance and
energy tradeoff
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Data, Performance and Energy tradeoff

Performance

Computing
D E
ATA /Energy power
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Source: Zwart, S. P. (2020). o17e "

The ecological impact of

high-performance o
computing in bine
astrophysics. Nature 3

Astronomy, 4(9), 819-822. £ ..
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Bridging the gaps between Al
and loT
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GLOBAL'% T  TinyML: Machine Learning
meets the Internet of Things 2
An energy efficient approach for
loT

v'The Internet of Things (l10T) refers to a system of interrelated,
Internet-connected objects ("things”), that can collect and
transfer data.

v'"Machine Learning is typically associated with computationally
heavy cloud-based solutions with relatively high latencies, high
power consumption, and the need for high bandwidths links.

v'With TinyML, loT and ML come together by shrinking deep
learning networks to fit on tiny hardware, thus requiring low
energy, low bandwidth links, and reduced latencies.
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Things

Actuator (LEDs)

Sensor (Motion)

Housing

/ /))))

Communication Housing
unit Microcontroller Sensors / Actuators i
] @ ‘ | ﬁ | ‘ A Reference Guide to the Internet of Things Copyright © 2017 Bridgera LLC, RloT

Power supply
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Sensors

Grove - HCHO Sensor

Grove - Oxygen Sensor(ME2-02-$20)

Grove - UV Sensor

UNIVERSITAT
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Grove - Flame Sensor

$14.9 $54.9 *hkk’  $9.9 *hkh  $6.9 *hkh
Grove - Sunlight Sensor Grove - Multichannel Gas Sensor Grove - 6-Axis Accelerometer&Compass / . b
SKU 101020089 SKU 101020088 v2.0 m ‘
SKU 101020081
$9.9 *hhhkk  $39.9 2.8 .8 .8 ¢ $19.9
Grove - Fingerprint Sensor Grnv’e - Gas Sensor(MQ9) Grove - Gas Sensor(MQ3) Grove - Loudness Sensor
$49.9 *hkhkhkk $75 *hkhkhhk $99 $5.9
1.2 Oxygen Optode 4531 dimensions
f——40mm
Default Calibrated )
2 Accuracy Resolution
range range
<8uM or 5%
0-5V 0 to 800pM 0 to 500pM whichever is <1uM
Oxygen greater
Concentration <9uM or 5.2%
13
& 4 - 20mA 0 to 800uM 0 to 500uM whichever is <1uM
e greater
Oxygen 0-5V 0-200% 0-120% <5 % <0.4%
S Saturation 4-20mA | 0-200% 0-120% <52% <0.4%
Screws 2)forataching the Securing late
0-5V -5t0 + 35°C 0-36°C +0.1°C +0.01°C
Temperature
4-20mA | -5t0+35°C 0-36°C +0.15°C +0.02°C
Temperature sensor
214mm

Hang weight from this eyelet, max Skg
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* Today, the most common power source is a battery, but there
are several other possibilities for power, such as solar cells,
piezoelectricity, radio-transmitted energy, and other forms of
power scavenging.

* Rechargeable batteries are not particularly well-suited to smart
objects.

* Instead of using rechargeable batteries, battery-equipped smart objects
are typically designed so a single battery should last the entire lifetime of
the smart object.

I Lithium lon (Li-ion)
X\ e Lithium-lon Polymer (Li-Po)

LiPo LiPo Li-ion
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v Of the hardware
components of a “thing”,
the radio is usually the
most power-consuming
component.

v'10X more expensive than...

v'For low-power radios, only
a small portion of the
power consumption is used
to send the radio signal into
the air.

v'listening is as power
consuming as sending.

Communication devices

[l
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https://www.espressif.com/en/products/socs/esp32

http://esp32.net

Mode Min Typ Max | Unit
Transmit 802.11b, DSSS 1 Mbps, POUT = +19.5 dBm 240 - | mA
Transmit 802.11g, OFDM 54 Mbps, POUT = +16 dBm 190 - | mA
Transmit 802.11n, OFDM MCS7, POUT = +14 dBm 180 - | mA
Receive 802.11b/g/n - | 95~100 - | mA
Transmit BT/BLE, POUT = 0 dBm 130 - | mA
Receive BT/BLE - | 95~100 - | mA
Power mode Description Power consumption
240 MHz * D.ual»core ohip'(s) 30 mA ~ 68 mA
Single-core chip(s) | N/A
Modem-sleep The CPU is 160 MHz * Dual-core chip(s) 27 mA~ 44 mA
powered on. Single-core chip(s) 27 mA~ 34 mA
Normal speed: 80 MHz D.ual—core chip‘s) 20mA~31 mA
Single-core chip(s) 20 mA~25mA

Light-sleep 0.8 mA
The ULP coprocessor is powered on. 150 pA
Deep-sleep ULP sensor-monitored pattern 100 pA @1% duty
RTC timer + RTC memory 10 pA
Hibernation RTC timer only 5 pA

Power off CHIP_PU is set to low level, the chip is powered off. 1 A
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GLOBALY# T So ... Edge computing

Edge-to-cloud

architecture layers
v'A possible definition of edge y

computing is: “a part of a

distributed computing topology fayer ‘ -----

in which information processing SR

is located close to the edge — N g

where things and people produce layer |

or consume that information.” A F°g”;diL
Edge /’—Q\ Q
I:_J Edge géteway J\'
o ~@9 e

Edge devices



Advantages of Edge Computing... for loT

/ Bandwidth

Sending data from edge to
the cloud takes up spectral
resources; there’s just not

enough bandwidth for data
transportation

Latency

Reduction of latency by
processing the data closer
to the customer

Edge
computing
benefits

J

Security = Privacy
Computing at the edge
provides more security than A—
computing at the cloud Reliability
because it is less vulnerable
to numerous variety of
threats due to its scope

C]
ooo

By processing data at
the edge, you eliminate
network reliability
problems

https://www.wwt.com/article/show-me-the-money-drive-new-revenue-streams-with-edge-computing
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Original definition: "...a neural network model that
runs at an energy cost of below 1 mW."”
© "TinyML" by Pete Warden, Daniel Situnayake

Embedded

Systems

TinyML

Machine

Learning

"Tiny machine learning (TinyML) is a fast-growing
field of machine learning technologies and
applications including algorithms, hardware, and
software capable of performing on-device sensor
data analytics at extremely low power consumption,
typically in the mW range and below, enabling a
variety of always-on ML use-cases on battery-
operated devices.”
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GLOBALC;%E[ Microcontroller

v" A microcontroller is a microprocessor with built-in memory,
timers, and hardware for connecting external devices such as
sensors, actuators, and radio transceivers.

v'Typically, a smart object microcontroller has a few kilobytes of
on-chip memory and is run at a clock speed of a few megahertz.

MCU

@M

MCU vs.MPU

PERIPHERALS



Platform
Compute
Memory
Storage

Power

Orders of magnitude

Microprocessor > Microcontroller
1GHz-4GHz ~10X 1MHz-400MHz
512MB-64GB ~10000X 2KB-512KB
64GB-4TB ~100000X 32KB-2MB
30W-100W ~1000X 150pW-23.5mW

Nombre del profesor — Nombre de la Conferencia

Universidat Politécnica de Valéncia (UPV)
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Arduino Nano 33 BLE Sense

64 MHz Arm® Cortex-M4F (with FPU)
1 MB Flash + 256 KB RAM

Bluetooth® 5 multiprotocol radio

HTS221 APDS9960
(Proximity, Light,
Colour, Gesture)

LSM9DS1 - 9-Axis IMU
(Accelerometer, Gyroscope,
Magnetometer)

(Temperature and
Humidity Sensor)

Nordic nRF 52840
Processor with

NINA B306 Bluetooth
module

Micro-USB
Port

N LPs22HB (Fressure MP34DT05-A
Sensor) Microphone
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..but edge is low-power and low-performance

Nvidia Jetson AGX Xavier: Coral Google Nvidia Jetson Nano

« K$ « 150 9% « 1009%

« 10W-15W e 510 W « 5-10W

« 32 TOPS « 4TOPS « 472GFLOPS

« 136.5GB/sec « 25.6GB/s

v" Low Power and Low Performance. Arduino
v Is it enough? -> No, at the moment. - 109
v’ Virtualization tech. may help. © W
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472 GFLOPS

Rendimiento

Pascal 256
nucleos

Maxwell 128
nucleos

4 Cores ARM
Denver 2
ARM A57

LPDDR4 4GB
(25.6 GB/sec)

LPDDR4 8GB
(59.7 GB/sec)

Memoria

7.5W-20W

Family?

32 TOPS

Volta, 512
nucleos + 64
Tensor cores

8 cores
Carmel ARM

LPDDR4
32GB (136.5
GB/sec)

10W-40W

What about Nvidia Jetson

200 TOPS

Ampere

1792 nucleos
+ 56 Tensor
Cores

8 cores ARM
Cortex

A79AE

LPDDRS 32
GB
(204.8GB/sec

)

15W-50W

20 UNIVERSITAT
F) POLITECNICA
¢/ DE VALENCIA

Jetson Nano | Jetson TX2 Jetson AGX Jetson AGX Jetson AGX
Xavier Orin 32 GB Orin 64 GB

1,33 TFLOPS

275 TOPS

Ampere
2048 nucleos
+ 64 Tensor
Cores

12 cores
ARM Cortex
A79AE

LPDDRS5 64
GB
(204.8GB/sec

)

15W-60W

Source: Nvidia.com



A real-time UAV surveillance
system for natural disaster
NERERE )
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‘xws | Ne climate is changing.
Imagenes cedidas por el ayuntamiento de
San Javier (Murcia)
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Phases of disaster management

DISASTER
*
Disaster
A Management
Preparation Cycle Response

After Event

@ Before Event

D

Mitigation Recovery

36






Disaster management: an overview

'

Loy / "
o :
[
, oY
' " A
//////fﬁ} EEES %%\X\\R\%

Management platform

‘Computer vision
on the edge
device

38



Aerial Surveillance of unknown area

HERNANDEZ, Daniel, et al. Al-enabled autonomous drones for fast climate change
crisis assessment. IEEE Internet of Things Journal, 2021.

0 Al based pipeline to reduce the
amount of information to be
monitored

© Image clustering with unknown
number of centroids

@) End-to-end operation ‘
on Jetson Nano —

Fig. 3: Natural disasters management overview.

39
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Reducing the number of images...

* ... To be processed by humans = Early response and decision making

* ... to decrease the communication bandwidth requirments

Fig. 2: Al-pipeline for the latent space clustering extracted from the autoencoder.




Fig. 3: Classes within the AIDER dataset
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‘. - a - - a

() Data points for flooding tmages (blue), and ofers (b) Images comesponding o data points

(green)
Fig. 4 Data points and images after unning the t-SNE algorithm

Lo - o . a - < a

(2) Data poinss of Images (hda ), others (green), (b) Images closer to e prolotype found by FML
dm;o&ndtyhmmﬁnm e

Fig. 5: Data points and images after running the FM algorithm.
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Execution time (secs.)

e
w

1.5

AV

T

a\“*ﬂ”%‘o

(1

N>
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TABLE [ Specification of the vanous GPU platforms used in our experiments.

Pedra Jelsom AGX Xmvier Jelson TX2 Jetsom Nano
CPU Intel Siher 4216 NVIDIA Came]l ARM vE2 ARMyvE ARM Coriex A ST M Poome
2ZXGPU (NVIDIA) CeForoe RIX 2080 T Volta Pascal Mxwel
Memory [Gb) 12 DDRS 32 LPDDR4x % | PDDR4 4 LPDDR4A
Stre [mm) NA 05x 108 SOx g7 TOx 45
Weight [g] NA 280 &S 61
Emerpy consumption [W] NA 10-30 75 35
.10‘ 1 1 1 1 1
’lo’l 1 1 ! : . . . % 5121 e oGpu -
1.59-10° y— 2,000 -|UDCPU i
. - _ ’5
g 2t 2 1500} ] i
by g
v
i 04,044 83 |l E Z 1000} i
el 9,300.2 -
3 g ool 4
) A z
. 41,481.58 - 01006520 I:I l:l
1,150.821,313. I (] i
21,5).1 H Lm = [] | of = =
1 1] ] ] 1
padra xavier x -
Device Device
(2) CPU training time (30 epochs) (b) GPU training time (30 epochs) Fig. 8: Inference comparison of GPU/CPU for the entim

Fig. 7: Execution time for the auto-encoder’s training stage.

dataset

Performance evaluation




Flood Detection Using Real-Time
Image Segmentation

HERNANDEZ, Daniel, et al. Flood Detection Using Real-Time Image Segmentation
from Unmanned Aerial Vehicles on Edge-Computing Platform. Remote Sensing,

2022, vol. 14, no 1, p. 223.

@ Real time image capture and
mask generation

© Send Mask & GPS

position to the
management platform A—

9 Show data in a heat map

Map reconstruction of the area

Figure 1. Overall view of our proposal.

43



Flood Detection Using Real-Time
Image Segmentation

0 Analysis of state-of-the-art models for image | :E’
segmentation in terms of performance, T
accuracy, and memory footprint. Particularly,
PSPNet, DeeplLabV3, and U-Net

© A semi supervised training
procedure with a pseudo-labeling
strategy is designed to increase the
accuracy

© End-to-
end operation on Jetson Nano

44



Flood Detection Using Real-Time
Image Segmentation

Experiment on FloodNet
dataset
3

Road-flooded

Building-flooded

Bulldlng -flooded Building-non-flooded f Road-non-fleoded

(a) (b)

Figure 6. Segmentation mask for the classes of interest. (a) Blue mask over flooded buildings; (b) Red
mask over flooded roads.

Figure 14. Compression comparison between an RGB image and its segmentation mask.

45



Accuracy/Size

‘ = Resnet152 = EfficientNet — Mobilenet
00 Resnet152
I DEfficientNet | |

l

55|
[0 Mobilenet PSPNet F]
500 | - -
2 i
= 450 i DeepLabV3+ ]

40 |- B D
H [ UNET [

I I I
PSPNet DeepLabv3 U-Net | |

0 100 200 300

Figure 7. Accuracy (MIoU) of three neural networks and encoders used, having been trained with the baseline dataset.

\ \ L_Figure 9. Size (in MB) of the output of every model, with every encoder.

60 00 Resnet152 || = = pe = .
0 0 EfficientNet = Resnet152 = EfficientNet — Mobilenet
551 — 0 Mobilenet | | L]
— PSPNet [ |
. m |
2 50| —
p=
ol ] )
DeepLabV3+ [ ]
|
40 ﬂ*

‘ ‘ w ]
PSPNet DeepLabv3 U-Net UNET[ |
|

Figure 8. Accuracy (MIoU) of three neural networks and encoders used, having been trained with the pseudolabeling technique

described in Section 2.6. 1200 1300 1%108

Figure 10. Memory footprint (in MB) for every model, and with every encoder.



Performance

2 [~ |

loGPU - loGPU -

locru 3l locpu |
% 151 :
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f")} -
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= .:.D D [ 0 — i | B Di i
T T T T T T
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Resnet152 Encoder Efficientnet Encoder
|
sl loGPU ]
locru

(o)}
T

N
T

Execution time (secs.)
=
T
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pedra

T T
xavier tx2

Mobilenet Encoder

Figure 11. PSPNet architecture inference time comparative with all encoders.

nano
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Conclusions

UAVs have the potential to play a "key role" at mitigating the consequences of climate
change.

However, both hardware and software solutions are needed to make these devices truly
crucial players in these tasks.

Al and edge computing are undoubtedly a winning combination by enabling to transform
autonomous drones into useful tools in various emergency situations.
Our results reveal that the use of neural networks designed for real-time image

segmentation from drones can be a viable solution as long as the drone is equipped with
an edge computing device endowed with GPUs.

The benefit of merely sending the result mask instead of the raw image, which is made
possible by performing image processing at the same location where the image is
captured, reduces the required network traffic by several orders of magnitude.

It is worth mentioning that the computational load differences between edge and cloud
platforms remain large, with speedup factors in the range of 2.8x-22.17x.

48



Time series analysis for
temperature forecasting
using TinyML
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GLOBAL@%{T Introduction

= Climate control system: automation of climate inside
greenhouses

= Optimisation: to improve temperature management

S
/ Temperature \

~—O—
L

Soil moisture




GLOBALGH T Objetives

d Task: define a neural network for the prediction of time series.
1 Execution: run the neural network on a microcontroller.

1 Results: Evaluate the performance of the network and compare

the results in terms of execution time and energy consumption

lIoT Device — Al in the
Microcontroller



ST
i3' o
Z(h

2\ UNIVERSITAT
;) POLITECNICA
DE VALENCIA

)
GLOBAL@T TinyML — Workflow

1. Step 1: Train the model locally/remote
2. Step 2: Convert the model

3. Step 3: Transfer the model to the microcontroller

= N
> g

Large data sets Trained Network End product

Training Format Conversion Inference — deployment
(desktop/cloud) (if necessary) (embedded processor)
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GLOBAL@@T TinyML - Tools

1. Step 1: Google Colab Google
Platform for running code on the Cloud, in the { ) I q b

form of Jupyter Notebook

1. Step 2: Tensorflow Lite 1 .
TensorFlow Lite

Library enabling the conversion of Machine

Learning models

1. Step 3: Arduino IDE
Arduino development environment ARDUINO

Nombre del profesor — Nombre de la Conferencia
Universidat Politécnica de Valéncia (UPV)
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GLOBALS %

Arduino Nano 33 BLE Sense
e (CPU 32-bit ARM® Cortex™-m4

* Clock Speed 64mhz

* Cpu Flash Memory 1mb

* Sram 256kb

* Sensors: Gesture, Light, Proximity,

Barometric Pressure Ecc..
* Bluetooth BLE

e CPU Quad Core Broadcom Raspberry Pi 4 Model B

BCM2711B0 (Cortex A-72)

* Clock Speed 1.5 Ghz

« Ram 8GB

* Uscita Video HDMI, 2x USB 3.0 / 2x
USB 2.0

e Bluetooth 5.0
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GLOBAL@@@T Implementation - Dataset

- Api Endpoint: 6 nutricontrol

Automatic Fertigation & Climate Contrel
e Metodo: GET

* Parametri: sensor, fromDate, toDate G LO B A LQ?{T

Figura 11 GLOBALOT prototype greenhouse project Figure 2 Optimus climate control and fertigation system of the project
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GLOBAL(/%@T Implementation - Dataset

1 . Dataset 2
* Preprocessing: pataset 1

value value

* Removing incorrect timestamp .
2018-12-11 10:30:00 13.58 2018-12-11 10:00:00 13.96
data 2018-12-11 10:45:00 14.35 2018-12-11 11:00:00 1592
2018-12-11 11:00:00 15.64 2018-12-11 12:00:00 18.05

(]

Removal Of OUtllers 2018-12-11 11:15:00 16.58 2018-12-11 13:00:00 20.07
2018-12-11 11:30:00 15.36 2018-12-11 14:00:00 19.56

¢ Timestamp fixed

Temperature

35 1

10 1

2019-01 2019-04 2019-07 2019-10 2020-01 2020-04 2020-07 2020-10 2021-01 2021-04
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N Implementation - Multilayer
GLOBAL@T perceptron

Input Hidden
layer layer
——— Predict Temperature

40 ——— Actual Temperature

Parameters:
= Optimizer: adam

= Loss: mean squared error

= Learning rate: 107°
= Epoche: 100/200

35

30

25

20
Aug 2020 Sep 2020 Oct 2020 Nov 2020 Dec 2020 Jan 2021 Feb 2021  Mar 2021
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Implementation —
Convolutional Neural Network

Levels of the convolutional neural network:

= Two convolution levels of 16 and 32 filters

= MaxPooling level with pool size 2 * Optimizer: adam
e Loss: mean squared error

* Epoche: 20/50

= Flatten level

= Two dense levels with 100 and 3 or 12 nodes

Convolutional
Layer

Fully-Connected Fully-Connected
Layer 1 Layer 2

A A A A A

Pooling Layer Flattening

=N

=,

=l 1=l |= =

Input series
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GLOBAL@T Implementation - Model
execution on Arduino

Connection via
g Importing libraries BLE to central
device
V Declare variables Receiving
Prediction results temperature
OQ Metodo setup()

values
o-¢

d
-0

Running the

Metodo loop() model
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| Performance Models

Root Mean Squared Error Mean Absolute Error R squared
y Ly s$
RMSE = \IZ G~ y)° MAE = & > v — il R_1_ qq“
— i=1 O Oto

CNN 15m 2,120 1,298 0,842
CNN 1h 2,148 1,355 0,837
MLP 15m 2,349 1,463 0,806

MLP 1h 2,851 1,993 0,713
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* Execution time to to carry out a single forecast

Analysis of results -  (microseconds)
Execution time

Execution Time CNN Execution time MLP
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Analysis of results - Power

* The difference in terms of consumption between the two devices is very
high.

* The Raspberry board consumes 3.5 W while the Arduino consumes
only 0.17 W.

Power consumption

watt
N}

0 I
Arduino Nano 33 Raspberry Pi 4

Device
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Analysis of
results - Energy

Energy CNN

0,003000
0,002500
0,002000
0,001500
0,001000

0,000500

Arduino Nano 33

0,000000

Arduino Nano 33 Raspberry Pi 4

CNN 15m CNN 15m CNN 1h

Raspberry Pi 4
CNN 1h
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Energy was calculated by multiplying the run time
by the power output.

It is used to understand the best model-device
combination in the trade-off between runtime and
power.

Energy MLP

0,00035
0,00030
0,00025
0,00020
0,00015
0,00010

0,00005

Arduino Nano 33

Arduino Nano 33

0,00000

Raspberry Pi 4 Raspberry Pi 4

MLP 15m MLP 15m MLP 1h MLP 1h
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GLOBAL(@} Conclusions and Future
/ work

The study carried out allowed the implementation of Machine
Learning techniques on IoT devices in the context of
temperature automation inside greenhouses.

The solution obtained using the Arduino device was very
economical and efficient.

TinyML is a very promising ML technique that is applicable in
multiple contexts.

The findings highlighted the benetfits, but also the challenges
of carrying out such projects.

Future developments: use of higher performance devices to
further compare energy consumption between different
solutions.
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